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LEARN: Enhanced Network Embedding via Similarity Learning

Ahmed Fathy and Kan Li

School of Computer Science and Technology,
Beijing Institute of Technology, Beijing 10081, China

{ahmedfathy, likan}@bit.edu.cn

Abstract. Learning low-dimensional representations for large-scale networks reinforce numerous network in-
ference tasks such as link prediction, clustering, vertex classification, and visualization. While achieving com-
petitive performance on a variety of network analytic tasks, most existing network embedding methods are
inefficient when applied to large-scale networks and generally suffer from performance issues. In this paper,
we present a novel unsupervised network embedding approach to learn low-dimensional representations for
large-scale networks which simultaneously preserve network topology and community structure of underlying
network. We propose a deep learning model based on Siamese neural network architecture to efficiently model
the relationships between vertex pairs. In addition, we propose a sampling approach based on vertex domina-
tion concept to sample vertices and represent the relationship between them at accurate k-hop distance away
from each other which enhances the quality of vertex pairs sampling and reduces the time complexity. The
experimental results on several real-world networks show that our method is capable of learning higher quality
representations and outperforms several state-of-the-art methods, as evaluated on challenging link prediction,
clustering, and visualization tasks.

Keywords: large-scale network embedding · deep learning · link prediction · community detection

1 Introduction

Large-scale networks such as social networks, collaboration networks, and biological networks have become very
popular with the prevalent usage of information technologies. This paper studies the problem of unsupervised
network embedding of large-scale networks.

In network embedding, the primary challenge is to learn a low-dimensional representation of the vertices that
is most informative and preserves structural information among the vertices in the original network. The learned
network representations encode the relationships between vertices, which paves the way to apply modern machine
learning methods in further network analysis and data mining tasks easily and efficiently such as vertex classification
[9], link prediction [4], clustering [2], and visualization [14].

Regardless the success of several network embedding models, their scalability and efficiency needs to be further
investigated. For instance, methods based on deep autoencoder such as SDNE [14] and DNGR [2] suffer from
high computational complexity and involve performing operations on |V | × |V | scale matrix, which makes their
approaches difficult to scale up for real-world large networks [16]. In another work, the authors in LINE [12]
adopted shallow model and designed two loss functions to preserve local and global network structure separately
and then concatenates the representations, this makes it ineffective to preserve the highly non-linear structure in
the underlying network [14].

Recently, several methods adopt a truncated random walk and sampling procedure to exploit the network
structure and generate representations for network vertices using skip-gram model, such as DeepWalk [9] and
Node2Vec [4]. While achieving good performance on a several network analytic tasks, these methods are inefficient
for large-scale network representation learning due to adopting shallow model which is unable to efficiently preserve
highly non-linear structure and does not provide a clear objective function to articulate which network properties
are learned [14, 12]. Practically, these methods can only be applied to unweighted networks, while our method is
applicable for networks with both weighted and unweighted edges.

To address these challenges, we propose a network embedding framework based on unsupervised deep model
which is capable of preserving the proximities between vertex pairs. In summary, our paper makes the following
contributions:

– We propose a novel unsupervised network embedding framework based on deep Siamese neural network. Our
framework minimizes unsupervised loss of predicting the relationship between a pair of vertices within k-hop
away from each other using vertex sampling and domination approach.
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2 A. Fathy, K. Li

– We conduct experimental results on real-world networks to demonstrate the effectiveness of our method and
to illustrate its ability to learn better representations when compared to a variety of unsupervised network
embedding methods, as evaluated on challenging network analytic tasks such as link prediction, vertex clustering
and network visualization.

2 Related Work

Unsupervised network embedding utilizes network structure information to learn vertex embedding without any
labels, which maps each vertex into a latent vector space that preserves the network topological proximities, e.g.,
similarities or distances of vertex pairs in the original network.

Earlier works for linear (e.g., PCA) and non-linear (e.g., IsoMap) dimensionality reduction methods generally
suffer from computational drawbacks and cannot scale to large networks. Recently, several approaches for learning
network embedding have been proposed such as [9, 4], which adopt random walk and skip-gram procedure to learn
network representations. There are also a number of methods that utilize deep neural networks to learn network
representations such as [14, 2]. More recently, the authors in [15] proposed a deep autoencoder-like non-negative
matrix factorization approach for unsupervised community detection and network embedding.

3 Problem Definition and Notation

3.1 Unsupervised Network Embedding

In this subsection, we formalize the problem of unsupervised learning of network embedding. Our problem analysis
applies to weighted and unweighted network. Let G = (V,E) be a given network, where V = {v1, v2, ..., vn} is the
set of vertices and E = {ei,j} is the set of edges between two vertices vi and vj . Each edge ei,j is associated with
a weight wi,j . If any two vertices vi and vj are not linked by an edge; wi,j = 0. Otherwise, wi,j = 1 for unweighted
network and wi,j > 0 for weighted network. Although edge weights in weighted networks can be signed (i.e., positive
and negative weights), we only consider non-negative weights in this paper. The aim of network embedding is to
learn a mapping function for network vertices Φ : V → R|V |×d , where d is the embedding dimension and d� |V |.

3.2 Vertex Domination

The problem of vertex domination is related to the dominating set problem which seeks for a subset of vertices in
a network such that every vertex is either in that set or has a neighbor in that set.

Definition 1 (Dominating set [3]). Given an network G = (V,E), a dominating set is a subset D ⊆ V of its
vertices such that for all vertices v ∈ V , either v ∈ D or a neighbor vertex u of v is in D.

In this paper, we apply vertex domination to sample vertices that are more informative. At first, we use random
walks to expand the neighborhood of a vertex v through depth-first search strategy. Then, we use domination
approach to ensure sampled vertices lies in a specified k-hop.

Our sampling approach is different from DeepWalk and Node2Vec in the following: 1) we ensure that sampled
vertex u is located at exactly k-hop away from source vertex v, 2) we assign a weight factor for each hop to model
the pairwise distances between vertices close to each other, 3) each vertex u is sampled from neighborhood of v
without replacement (i.e., vertex u can appear only once in vertex v samples) unlike DeepWalk which models the
co-occurrence probability between vertices and their neighbors.

4 Method

4.1 LEARN Framework

The fundamental idea of the framework is to learn a low-dimensional representation for each vertex which is shared
across all vertices. The linked vertices will tend to have similar representations. Likewise, vertices that belong to
one community will be embedded closer to each other. We apply Siamese-like neural network and learn binary
cross-entropy loss function to model the distance between vertex pairs, see Figure 1.

As explained in [14, 12], local and global network structure are essential to be learned in the embedding. The
local network structure represents the pairwise similarity between vertices, which infers that two vertices v and u
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Fig. 1. The unsupervised model of LEARN framework.

tend to be similar if they are linked by an edge. However, large-scale networks are always sparse which indicates
that first-order proximity matrix is very sparse and insufficient to model the pairwise proximity between vertex
pair. Therefore, we consider the relation between vertex pairs up to k-hop away from each other. However, it is very
inefficient to consider the relationship between all vertex pairs as it is computationally expensive. Thus, in order
to solve this problem, we propose a sampling approach based on random walks and weight factor α to determine
pairwise influence.

4.2 Learning and Optimization

One challenge with modeling structural relations between vertices is that pairwise connections are based on edges
between vertices, but how can we model a disconnected pair of vertices at k-hop. At first, we apply a random walk
to explore the neighborhood of each vertex using depth-first search technique. Whenever the random walk passes
through a vertex at k-hop, all vertices at (k− 1)-hop are dominated and removed from sampling. In order to model
the relationship between vertex v and u at k-hop, we define a weight factor α to represent the relation as follows:

R(v, u) = αk−1 ×
u∏

ui∈RWv

wv,ui (1)

where wv,u is the edge weight between two vertices, R represents the relation between v and u at k-hop and the
domain of α is the interval (0, 1). The higher value of R implies a higher similarly between a pair of vertices. For
instance, at k = 1, the value of R = wv,u, which implies that a direct edge exists between the two vertices, and the
relation value R will be equal to the edge weight wv,u. At k = 2, the relation is determined by the value of αk−1

multiplied by the product of edges in the random walk path between v and u. For unweighted graphs, the edge
weights could be omitted from the equation. Thus, the pairwise distance between vertices are computed as follows:

R(v, u) = αk−1 (2)

Our model minimizes the unsupervised structural loss in the network using a feed forward neural network. Given
a center node v, we maximize the probability of observing its k-hop neighbors having similarity of αk−1.

The hidden layer h(`) of the deep network is defined as:

h(`) = f
(
W (`)h(`−1) + b(`)

)
(3)

where f is a nonlinear activation function, and W (`) and b(`) are the weight matrix and bias of the hidden layer `
respectively. We use leaky ReLU as the activation function for intermediate layers, and sigmoid as the activation
for the output layer since our objective is to predict the similarity between vertex pairs. Therefore, we minimize
the cross-entropy loss function between the true and predicted relationship value:

L1(v, u) = −R(v, u) log(R̂(v, u)) (4)

where R̂(v, u) is the predicted value for the relation between v and u.
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Algorithm 1: LEARN Framework Training

Input:
Network G = (V,E)
walks per vertex r
walk length l
weight factor α

Output: Network embedding
for each vertex v ∈ V do

Apply random walks RWv for v (RWv represents the neighbourhood of v);
Positive vertex sampling upos from RWv; Distance(v, upos) ≤ l;
Negative vertex sampling uneg from V − {RWv};
while not converged do

Sample a batch of positive and negative vertex pair for v;
Learn low-dimentional embedding for v and u using deep neural network;
Compute the L1 component-wise distance between embedding vectors: ‖xv − xu‖;
Evaluate regularized cross-entropy loss using L1 + L2 (Equations 4 and 5);
Take a gradient step for model loss;

end

end

Finally, we impose the l2-norm regularization which represents the smoothness metric to prevent model over-
fitting:

L2 = λ

k∑
`=1

∥∥∥W (`)
∥∥∥2
2

(5)

where λ is the regularization constant that controls the regularization on the layer ` of the deep architecture.
The training procedure of our framework is illustrated in Algorithm 1. For each training step, we sample batches

of positive and negative vertex pairs from the random walk sequences and optimize the loss on them. The model
can be optimized efficiently using mini-batch Adam [6] to minimize the objective function defined in Equations 4
and 5.

4.3 Complexity Analysis

LEARN framework is composed of two stages as shown in Algorithm 1 (i.e., sampling of vertices and deep model
training). The computational complexity for vertex sampling is O(nlr) where n is the number of network vertices
and l is the walk length and r is the number of walks per vertex. The deep model training stage has complexity of
O(npdmtc) where p is the number of hidden layers, dm is the maximum dimension of the hidden layers, and tc is
the number of iterations till convergence.

The framework parameters such as l, r, p, dm and tc are independent with the number of network vertices n, but
are related to the sampling approach and the layers dimension of deep model. Therefore, the overall complexity of
LEARN framework is linear to the number of vertices n in the network.

5 Experiments

In this section, we evaluate the performance of our method against a number of state-of-the-art baselines.

5.1 Datasets

For the sake of fair comparison, we use several real-world network datasets for performance evaluation. A summary
of the datasets we use in our experiments is given in Table 1.

The detailed descriptions are listed as follows:

– Social Network. BlogCatalog [13] is a large-scale social network formed by corresponding users of the network.
It is a dense network where the edges represent the relationships between users. It can be used to evaluate the
model performance on link prediction task.

4 ICONIP2019 Proceedings
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LEARN: Enhanced Network Embedding via Similarity Learning 5

Table 1. An outline of datasets for network embedding evaluation.

Network Nodes Edges Communities Average degree Components

BlogCatalog 10,312 333,983 39 64.776 1

Cora 2,708 5,429 7 3.898 78

CiteSeer 3,312 4,732 6 2.823 433

Wiki 2,405 17,981 17 10.612 45

– Citation Network. Cora and CiteSeer are research paper networks created by [8]. Cora dataset consists of
Machine Learning papers and CiteSeer contains paper publications. There is a single known category for each
paper. We use these networks for the clustering and visualization tasks.

– Web page Network. Wiki [10] consists of real-world web pages and the links between them. It’s denser than
Cora and CiteSeer. We use it for clustering and link prediction tasks.

5.2 Baseline Methods

We evaluate our framework against the following baselines:

– DeepWalk [9]: It adopts truncated random walks and learns the network embedding using skip-gram model.
– LINE [12]: It preserves the first-order or second-order proximities using breadth-first strategy and concatenates

these representations to generate vertex embedding.
– SDNE [14]: It uses a semi-supervised autoencoder model with objective function that learns the first-order and

second-order proximities.
– Node2Vec [4]: It uses a biased random walk strategy to explore vertex neighborhood by balancing the breath-

first and depth-first sampling and learns to embed by applying skip-gram model.
– DANMF [15]: It is a deep autoencoder-like non-negative matrix factorization approach for community detection

and network embedding.

5.3 Parameter Settings

For our method, the structure of Siamese neural network layers is fixed at [1000-512-128]. Each dataset is split into
90% training set and 10% validation set. We adapt early stopping procedure and set a max of 200 epochs. The
embedding dimension d is set to 128 in all experiments. We set the length of random walks l to 6 and the number
of walks per vertex r to 20. We set α to 0.8 and 0.6 in clustering and link prediction tasks respectively.

For baseline methods, the parameters are tuned to be optimal as described in the original papers. For DeepWalk
and Node2Vec, the number of walks and length of walk are set to 10 and 80 respectively. The window size of
skip-gram model is 10. For Node2Vec, the hyperparameters p and q are set to 1.0. For LINE, the starting learning
rate is 0.025. The number of negative samples is 5 and using training samples of 10,000. In addition, we concatenate
both first-order and second-order embedding to form the final vectors. For SDNE, the hyperparameters α and β
are set to 0.2 and 10 respectively. For SDNE and DANMF, we use the same number of neurons in each layer of
autoencoder as our method. To ensure the reliability of our experiments, we repeat each experiment for 10 times
and report the average of the scores.

5.4 Link Prediction

Link prediction task predicts the existence of an edge between any two vertices based on the learned low-dimensional
vertex embedding. Generally, the more similar the two vertices are, the higher probability of edge existence between
them. We follow [4] for link prediction experiment.

To perform the link prediction, we randomly hide a portion of network links and use the residual network to
train the network embedding model. After training the model, we obtain embedding for each vertex and predict the
unobserved links with the learned vertex embedding. The performance of link prediction is measured by the Area
Under Curve (AUC) of receiver operating characteristic (ROC) and Average Precision (AP) scores.

We adopt Wiki and BlogCatalog networks to conduct the link prediction task, where we randomly hide 50% of
existing links and report the experimental result in Table 2. From the results, we see that our framework is capable
of learning the link structure of the network through learning the similarity between vertices.

ICONIP2019 Proceedings 5
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6 A. Fathy, K. Li

Table 2. Link prediction on Wiki and BlogCatalog network datasets.

Algorithm
Wiki BlogCatalog

AUC AP AUC AP

LEARN 0.95 0.95 0.94 0.94

DeepWalk 0.91 0.92 0.59 0.54

LINE 0.87 0.91 0.74 0.71

SDNE 0.93 0.94 0.90 0.91

Node2Vec 0.94 0.94 0.71 0.72

DANMF 0.66 0.69 0.81 0.81

5.5 Node Clustering

Vertex clustering aims to group similar vertices, such that the vertices that belong to the same community group
are embedded closer to each other.

At first, we learn the network embedding by each baseline algorithm. Then we use the learned embedding
as feature for clustering task. We apply k-means algorithm [1] on the learned vertex embedding and report the
normalized mutual information (NMI) [11] and Adjusted Rand Index (ARI) [5] as the performance metrics. We run
k-means algorithm 10 times and report the average of the scores in Table 3.

Table 3. NMI and ARI scores for vertex clustering in Cora, CiteSeer and Wiki datasets.

Algorithm
Cora CiteSeer Wiki

NMI ARI NMI ARI NMI ARI

LEARN 0.47 0.41 0.21 0.20 0.36 0.21

DeepWalk 0.40 0.30 0.14 0.14 0.36 0.18

LINE 0.13 0.04 0.05 0.01 0.26 0.07

SDNE 0.25 0.17 0.07 0.05 0.30 0.16

Node2Vec 0.44 0.36 0.20 0.16 0.36 0.21

DANMF 0.20 0.03 0.12 0.01 0.27 0.03

From the results, we can see that our framework outperforms other baselines, which demonstrates the learning
capability of our deep model that can generate vertex embedding which preserve the community structure of the
network. For Wiki dataset, the performance of our framework is similar to Node2Vec due to the web page nature
of Wiki dataset.

5.6 Network Visualization

Network visualization using the learned low-dimensional vertex embedding evaluates the quality of learned vertex
embedding. In this experiment, we apply t-SNE [7] on the learned vertex embedding to project the vectors into
a 2-dimensional space. A favorable visualization result is to project the vertices within the same community close
to each other. Intuitively, a visualization with clearer boundaries between different color groups indicates better
learned embedding. Figure 2 shows that the visualization of our method has more compact clusters comparing with
baselines, which is more favorable to preserve the topology and community structure of the network.

5.7 Parameter Sensitivity Analysis

In order to determine how the variation of parameters affect the performance of our framework, we perform link
prediction experiment on BlogCatalog network with 50% links and report AUC and AP scores as performance
indicator. All parameters are set to default except the parameter being examined.

Figure 3a shows the effects of increasing the embedding dimensions d on the performance of our model. We
observe an increase in the performance with increasing the embedding dimension d till d = 128, and the performance
is nearly constant afterwards.

Figure 3b shows the effects of variation of the vertex pair relationship factor α on the performance of our model.
We observe that the performance slightly decreases with increasing the value of α.

Figures 3c and 3d show the effect of varying the length and number of random walks in the sampling approach.
The performance decreases by increasing the value of l and is nearly constant with increasing the value of r.

6 ICONIP2019 Proceedings
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(a) LEARN (b) DeepWalk (c) LINE

(d) SDNE (e) Node2Vec (f) DANMF

Fig. 2. Visualization of Cora network using the learned low-dimensional embedding by LEARN framework. Each point
indicates a research paper and the color of a point represents the category of the paper.
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Fig. 3. Parameter sensitivity analysis on BlogCatalog network with 50% edges.
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6 Conclusion

In this paper, we addressed the problem of unsupervised network embedding of large-scale networks. We propose
a deep network embedding method which preserves the network topology and community structure of the network
using vertex similarity learning. Our approach is based on the idea of using vertex sampling and vertex domination
to learn useful low-dimensional embedding for the vertices. Our experiments on several real-world networks show
that the proposed framework is superior to the existing network embedding methods and outperforms in several
network analysis tasks such as link prediction and clustering.
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Abstract. In visual simultaneous localization and mapping (SLAM), loop closure detection is used to find the global topol-
ogy among the different locations for eliminating accumulated odometry error and relocalization. Traditional methods treat
the loop closure detection as image retrieval problem. However, a single image based method cannot perform well when
two places have similar appearances, which is known as the perceptual aliasing problem. In this paper, the loop closure de-
tection is treated as sequence matching problem, which is solved by the proposed deep local features-based image sequence
representation (seqDLF). For each image sequence, local features are extracted by a Convolutional Neural Network (CNN)
and further encoded into a single vector by Vector Locally Aggregated Descriptors (VLAD) or spatiotemporal VLAD (ST-
VLAD). The proposed seqDLF-based method enables to match the current image sequence (current observation) with the
historic image sequence, which is more robust to the variations in appearance between images. The experimental results
show that the performance of the proposed seqDLF-based loop closure detection is competitive to that of the state-of-art
RTAB-MAP method.

Keywords: Loop closure detection, CNN, VLAD, place recognition, video representation.

1 Introduction

SLAM helps a robot map in an unknown environment while simultaneously localizing. Loop closure detection is one of the
essential modules in simultaneous localization and mapping (SLAM), which enables the robot to recognize a previously visited
place using vision. Loop closure detection is an extremely challenging problem to solve in the general sense, especially when
the observation changes with illumination, weather, etc. Scenes in different places may look similar, and scenes in the same
place may look very different. That problem is known as perceptual aliasing [7]. Visual loop closure detection is implemented
by matching the image representation of the current location with that of the previously visited location. The representation
can be obtained from local features or global features of the image. Local features, including SIFT, ORB, and SURF, capture
the local characteristics of objects, and global features such as GIST and HOG, provide global characteristics of objects. Local
feature-based methods used the visual words (local features) to build the dictionary, and then these features are encoded by Bag
of visual Words (BoVW) [5], Vector Locally Aggregated Descriptors (VLAD), or Fisher Vectors (FV). Global feature-based
methods transform the whole image to a feature vector. The above features are called hand-crafted features. Deep learning
models also have been successful in obtaining the representation of image [10]. The traditional CNN-based loop closure
detection methods treat each layer’s output of the network as a vector, which is a CNN-based global feature. The network is
pre-trained in another task, such as place recognition, object detection, or semantic segmentation.

In the past, many researchers have focused on video representation. The representation is used in action recognition,
anomaly detection, video retrieval, and action detection. This paper shows that the representation also can be used in loop
closure detection. The video representation can be obtained by extending the classical hand-crafted features to spatiotemporal
features. For instance, spatiotemporal interest points (STIPs) [14] extends Harris corner detectors to 3D. SIFT and HOG are
extended into SIFT-3D [17] and HOG-3D [11]. Improved Dense Trajectories (iDT) [23] method is based on the hand-crafted
features and widely used in action recognition. Recently, more deep networks are used for video representation learning.
The LSTM autoencoder [20] is used to learn the video representation by unsupervised method. ConvLSTM [18] is used to
predict the next frame of the video. The layer in the convLSTM also can be regarded as the representation of image sequence.
C3d [22] used the 3d convolution to solve the spatiotemporal task, and the last dense layer of the network is used as the video

? This work was supported by the National Natural Science Foundation of China under grant number 61773271 and also supported by the
Fundamental Research Funds for the Central Universities.
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representation, which includes spatial and temporal information. The proposed approach in [24] is to extract convolutional
features from different layers of the networks. The convolutional features are treated as local features, and VLAD is used to
encode features into a single vector for each image. Based on the approach [24], spatiotemporal VLAD (ST-VLAD) [4] is
extended from VLAD and is used in action recognition and video classification.

Single image representation based on hand-crafted features often shares common weakness such as the lack of robustness
concerning illumination, weather, and vegetation conditions and high computational cost. The CNN features are used to
overcome that weakness [6,10,21] and work better than hand-crafted features when lighting changes significantly. However, a
single image-based representation cannot perform well when two places have similar appearances. That is a challenge for loop
detection based on single-image representation [25] [9]. To solve the problem, researchers proposed many methods to calculate
the loop-closure scores instead of using the original method such as cosine similarity. For example, the Bayesian filter is used
to estimate the post-probability of loop-closure [1]. SeqSLAM [15] considered the trajectory for various speeds and used the
trajectory difference scores instead. Robust Multimodal Sequence (ROMS) [8] which concatenated multiple features (LDB,
GIST, CNN, and ORB) used the sparse convex optimization with group-normalization to calculate the loop-closure scores.
This paper proposes the deep local features-based image sequence representation (SeqDLF) to solve the problem. We use deep
neural networks to extract deep local features of image sequences, and then use VLAD or ST-VLAD to encode the features
to a vector (img-seq2vec). The image sequence contains more information than a single image. We test the image sequences
with different length and find that the image sequence representation always outperforms the single image representation.
Different from the previous methods, SeqDLF is a new representation for loop-closure. It is valid to use the method such as
seqSLAM and ROMS followed to calculate the loop-closure scores. The rest of this paper organized as follows: Section 2 is
the overview of the loop-closure detection system. Section 3 introduces the image sequence representation. Section 4 shows
the experimental results on four datasets. Section 5 is a discussion.

2 System Overview

Fig. 1 illustrates the architecture of the image sequence based loop closure detection. We choose the same architecture as [1].
The modules include feature extraction, feature encoding, and computing correlation. The details of the modules are given as
follows:

Feature Extraction The camera carried by a robot can capture a sequence of images of the environment. The image rate
is usually 30Hz. We downsample the image sequence to 1Hz. This is useful for reducing computation complexity. The local
features are extracted by applying a fully convolutional network (FCN). We extract the local features of the image and push
them into the block. The block stores the features of the latest T images (T is the length of image sequence we chose).

Feature Encoding (seqDLF) The local features in the block are the observations of the current location. We encode them to a
single vector by VLAD or ST-VLAD. The codebook that needed by VLAD and ST-VLAD is created offline. We use k-means
to get the cluster centers of all local features. The cluster centers are used as the codebook.

Computing Correlation We compute the cosine similarity between the current vector and all the vectors in the database.
When the value is larger than the given threshold, we think a loop closure occurred. The current vector is inserted into
the database, whether a loop closure occurred or not. So, it is possible that more than one matched vectors are found. The
correlation also can be computed by other methods such as ROMS, SeqSLAM, and RTAB-MAP.

3 The SeqDLF-based Method

In the section, we will describe the approach for extracting deep local features of the image sequence and the encoding method.

3.1 Deep Local Feature Extraction

Deep local features are extracted by VGG (OxfordNet) which is one of the top 2 in ILSVRC 2014. The 16 layers VGG that
trained by [19] has the same performance as the layer 19 version. The networks includes 13 convolutional layers followed by
two fully connected layers and take images of 3 channels as input. The convolutional filter size of the VGG is 3× 3 and stride
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Fig. 1: The architecture of loop closure detection based on image sequences. We use pre-trained neural networks, VGG-16,
to extract deep local features of images captured by the camera. Features of the latest images are collected by the block, and
VLAD is used to encode all the local features to a vector. The codebook required by VLAD is generated by k-means. If the
cosine similarity between the current vector and the previous vector is larger than the threshold, a loop closure occurred.

is 1 pixel. These enable the network to explore finer-grained details from the feature maps [4]. We use VGG that pre-trained
on the dataset place365 [26]. Places365 is the subset of Places2 Database. We take the output of the last three convolutional
layers of the network motivated by the fact that deeper layers provide high discriminative information. We resize the images
for the request input of the network and then pass the images through the network in a forward pass. The outputs of the last
three convolutional layers are features with a spatial size of 14 × 14 and 512 channels. We concatenate all the values from a
channel for each spatial location to create deep local features with 512 dimensions.

Fig. 2 illustrates the details. An input image is wrapped into an n × n square. After passing through the convolutional
filters, each convolutional layer outputs a w×h× c tensor, where c is the number of filters (channels). As the strategy in [24],
each location (i, j), 1 ≤ i ≤ w and 1 ≤ j ≤ h contains a c-dimensional vector fi,j ∈ Rc. In this way, we obtain l = w × h
deep local features for each image. The deep local features are denoted as a set F = {fi,j |1 ≤ i ≤ w, 1 ≤ j ≤ h}.

3.2 Image Sequence Encoding

We split the video into blocks continuously. As Fig. 2 illustrated, each block has T frames where T is the sequence length we
choosed. A video that includes L frames will be split to L− T + 1 blocks. For an image t in a block, we obtain a set of DLF
F t using the above method. By processing all the images in the block, we obtain a set of features B = {F 1,F 2, . . . ,F T }.
The number of features per block is l×T with c-dimension. All deep local features in the block B will be encoded by VLAD
or ST-VLAD. ST-VLAD requires the positions of each local features as well. We obtain the positions {(i, j, t)|1 ≤ i ≤ w, 1 ≤
j ≤ h, 1 ≤ t ≤ T} by concatenating the locations of each local features (i, j) and the temporal position t . The deep local
features are corresponding to the positions one by one per block.

VLAD Each block contains T×14×14 low-dimensional local feature vectors which have the same structure as the dense SIFT.
VLAD is a vector-based encoding method proposed to encode local features to a single vector. It makes a favorable trade-off
between the accuracy and the computing complexity. Given all the `2-normalized local features set X = {x1, x2, · · · , xn} ∈
Rn×c (n is the number of all the local features of the video (or a subset of video), c is the DLF dimension). We use the
k-means to obtain a codebook D = {d1, · · · , dq}, where q is the number of visual words. Each visual word in the codebook
is the center of each cluster. For each block, the local features B = {f1, · · · , fm} (m = l × T is the number of the DLF) are
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Fig. 2: Deep local feature extraction and VLAD encoding. After passing through the convolutional filters, the output of each
convolutional layer is a tensor. We concatenate all values from a channel for each spatial location to create deep local features.
The codebook is generated through clustering all the deep local features by k-means.

encoded like
Vi =

∑
NN(fj)=di

(fj − di) (1)

V = [V1, V2, · · · , Vq] is the VLAD vectors. NN(fj) = di means the nearest visual word of fj in codebook is di. For the
cluster center di, the residual between local features fj and cluster center di is computed and accumulated for all local features
NN(fj) = di. Therefore, the VLAD descriptor’s dimension is q×c. After feature encoding, we apply the power-normalization
followed by `2-normalization.

ST-VLAD Spatiotemporal VLAD (ST-VLAD) extends VLAD by taking into consideration the spatiotemporal information
of features [4]. For each local feature, ST-VLAD encodes the positions as well. The architecture is illustrated in Fig. 3. Each
feature is associated with a position p:

p = (x̄, ȳ, t̄); x̄ =
x

h
, ȳ =

y

w
, t̄ =

t

T
(2)

ST-VLAD method learns a codebook D = {d1, · · · , dq1} by k-means where q1 is the number of visual words. Another
positions codebook PD = {pd1, · · · , pdq2} is learned by k-means in parallel where q2 is the number of position words. The
codebook PD is computed from the location information of the features used in the codebook D. The first step uses VLAD to
encode the local features. Instead of doing sum pooling as in the standard VLAD, ST-VLAD performs average pooling over
the residuals of each visual word:

Vi =
1

Ni

∑
NN(fj)=di

(fj − di) (3)

Ni is the number of features assigned to the cluster di. The VLAD vectors’ dimension is q1 × c. Next, we save the residuals
r = {r1, · · · , rm} ∈ Rm×c associated with the local features {f1, · · · , fm}. The matrix M ∈ {0, 1}m×q1 represents the
membership information. All elements in each row of matrix M are zero, except one (which is equal to 1). M(j, i) means
the feature j is assigned to the cluster i or not. The last step considers a second assignment based on the feature location. The
residuals r and membership M is splited to q2 parts. The average pooling and the sum pooling are applied for the features and
positions respectively.

Pi =
1

Npi

∑
NN(fpj)=pdi

(fj − di) Ei =
∑

NN(fpj)=pdi

M(j, :) (4)
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P = [P1, · · · , Pq2 ] and E = [E1, · · · , Eq2 ]. NN(fpj) = pdi means the feature locationfpj is assigned to the cluster pdi.
Npi is the number of feature locations assigned to the cluster pdi. (fj − di) is the residuals that we saved in r above. The
spatiotemporal encoding (ST encoding) Q whose dimension is q2 × (c + q1) is obtained by concatenating P and E. Finally,
we concatenate the VLAD encoding V and ST encoding Q to a vector which represents the final ST-VLAD representation.
The dimension of the ST-VLAD vector is q1 × c+ q2 × (c+ q1).

Image 
Sequence

Deep Feature
Extraction

Features

Positions

VLAD

Residuals Memberships

Spatio-temporal
Pooling

VLAD
Encoding

ST
Encoding

ST-VLAD
Encoding

Fig. 3: ST-VLAD encoding. Deep local features and positions are saved in feature extraction stage. Positions are encoded by
spatiotemporal pooling into ST encoding. The ST-VLAD code is obtained by concatenating ST encoding and VLAD encoding.

4 Experimental Results

Experiments are designed to evaluate the performance of our approach. The cosine similarity is computed between the query
location and the prior visited location. And then a threshold is used to determine whether the loop closure occurred or not. The
precision-recall curve is obtained by choosing a number of different thresholds. Deep local features were extracted by VGG
networks which are pre-trained on the place365-Standard dataset [26], and the last three convolutional layers are used. The
training set of Places365-Standard has ≈1.8 million images from 365 scene categories, where there are at most 5000 images
per category. The network is implemented by PyTorch [16] and the VGG models pre-trained on the dataset places365 are
provided by [26]. The layers conv5 x contain three layers conv5 a, conv5 b and conv5 c, and each layer was tested in our
experiment. The codebook is created offline, and the size we chose is 512. The features are encoded by VLAD and ST-VLAD
separately, and power-normalization (sign(x)|x|α) followed by `2-normalization is applied. The parameter α = 0.5 is set in
our experiments. We perform experiments on five datasets: Lip6Outdoor (L6O) [1], CityCentre (CC) [3], NewCollege (NC),
BovisaOutdoor-2008-10-04 (BO), and BovisaMixed-2008-10-06 (BM) [2]. The dataset Lip6Outdoor was sampled by a mono
camera. The images were acquired at 1Hz while the person was holding the camera and move at average walking speed.
New College and City Centre are collected by a robot with a left camera (NCleft and CCleft) and right camera (NCright and
CCright) and take a sample every 1.5m while traveling. We evaluate our method under the two image stream separately. Bovisa
datasets include wide-open outdoor spaces with an image rate of 30 Hz. We downsample the Lip6Outdoor and Bovisa datasets
to have approximately an image rate of 0.5Hz and 1Hz, respectively. The ground truths from LipOutdoor, New College, City
Centre, and Bovisa datasets were obtained from RTAB-MAP [13].

4.1 The Comparison Results for Image Sequences with Different Length

The Lip6Outdoor and CityCentre datasets contain many examples that may render perceptual aliasing problem. The perfor-
mances of the single-image-based loop-closure approach are barely satisfactory. The sequence-based method is supposed to
alleviate the problem. To evaluate the performance of each sequence with different length, we design the experiments using
the five datasets. The length was chosen uniformly. The precision-recall curves of VLAD and ST-VLAD method are compared
separately, and the results are shown in Fig. 4 and Fig. 5. It can be seen that the performance of image sequence with suitable
length is always better than that of the single image. It is not that the longer image sequence is, the better the performance
is. The Table 1 shows the best length of each method. The optimal image length for each dataset is not equal because of the
difference of image rate, the camera’s moving speed, and the camera-shake.
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Table 1: The layer and sequence length T which achieve the best performance in our method.
Data set L6O NCleft NCright CCleft CCright BM BO

Layer (conv5 x)
VLAD b b c a a b a

ST-VLAD b a c b b a a

Length
VLAD 3 5 7 9 11 9 7

ST-VLAD 3 5 9 11 11 11 9

4.2 The Comparison Results Between CNN-based Global Features, RTAB-MAP and Our Method

We use the method in [10] to obtain the CNN-based global features of an image. The method feeds images into a pre-
trained standard CNN model, and whole-image descriptors are created. The model is also pre-trained on place365. The output
of each layer followed by `2-normalization is considered as a feature vector. The default parameters of RTAB-MAP are
used [12]. Fig. 6 shows the precision-recall curves, and Table 2 shows the recall (at 100% precision) for the CNN-based global
features, RTAB-MAP and our method with VLAD and ST-VLAD. Our method is much better than CNN-based method and
is competitive to RTAB-MAP.

Table 2: Comparison of different methods on community datasets.
Data set L6O NCleft NCright CCleft CCright BM BO
#images 531 1073 1073 1237 1237 2147 2277

Image rate 0.5Hz ≈ 0.5Hz ≈ 0.5Hz ≈ 0.5Hz ≈ 0.5Hz 1Hz 1Hz

Recall(%)
CNN 26.7 57.0 37.0 74.0 70.1 42.3 11.9

VLAD 87.2 90.6 93.9 88.0 87.2 71.0 46.0

(at 100% precision)
ST-VLAD 85.5 89.4 85.2 88.7 89.0 68.7 35.9

RTAB 77 [12] 59.5 71.1 85.7 78.3 71.5 20.0

5 Conclusion and Discussion

In this paper, SeqDLF-based method has been proposed for visual loop closure detection. Different from traditional methods
which only use single image-based representation, the proposed method considered image sequence-based representation. In
this method, we encoded deep local features by VLAD or ST-VLAD to a vector which is deep local feature-based image
sequence representation (SeqDLF). The comparison results over the different length of image sequence for five datasets
show seqDLF-based method always outperforms single image-based methods. We also compared SeqDLF-based method
with CNN-based method and RTAB-MAP method. The experimental results demonstrate that SeqDLF outperforms CNN
global feature, moreover, the performance using SeqDLF is competitive to that of the state-of-art RTAB-MAP.

Different from other works, our method transforms a sequence of images to a vector. The experiments show that image
sequence-based representation is always better than that based on a single image. However, it is not that the longer, the better.
If a revisitation of the same location along a different route, there might be a reorder of the image sequence. Compared with
long sequence, a short sequence is less influenced. Additionally, deep neural networks are used to extract local features. The
networks are pre-trained on the dataset such as ImageNet. Neural networks can learn complex features and achieve a better
performance than hand-crafted features in many visual recognition tasks. Deep local features are widely used in instance-level
image retrieval. Deep local features are also can be used to improve the performance of loop closure detection.

References

1. Angeli, A., Filliat, D., Doncieux, S., Meyer, J.A.: Fast and Incremental Method for Loop-closure Detection Using Bags of Visual Words.
IEEE Transactions on Robotics 24(5), 1027–1037 (2008)

2. Ceriani, S., Fontana, G., Giusti, A., Marzorati, D., Matteucci, M., Migliore, D., Rizzi, D., Sorrenti, D.G., Taddei, P.: Rawseeds Ground
Truth Collection Systems for Indoor Self-localization and Mapping. Autonomous Robots 27(4), 353 (2009)

14 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 2



SeqDLF: DLF-Based Image Sequence Representation for Visual LCD 7

3. Cummins, M., Newman, P.: Fab-map: Probabilistic Localization and Mapping in the Space of Appearance. The International Journal
of Robotics Research 27(6), 647–665 (2008)

4. Duta, I.C., Ionescu, B., Aizawa, K., Sebe, N.: Spatio-temporal VLAD Encoding for Human Action Recognition in Videos. In: Interna-
tional Conference on Multimedia Modeling. pp. 365–378. Springer (2017)

5. G’alvez-L’opez, D., Tardos, J.D.: Bags of Binary Words for Fast Place Recognition in Image Sequences. IEEE Transactions on Robotics
28(5), 1188–1197 (2012)

6. Gao, X., Zhang, T.: Unsupervised Learning to Detect Loops Using Deep Neural Networks for Visual SLAM System. Autonomous
robots 41(1), 1–18 (2017)

7. Gutmann, J.S., Konolige, K.: Incremental Mapping of Large Cyclic Environments. In: Computational Intelligence in Robotics and
Automation, 1999. CIRA’99. Proceedings. 1999 IEEE International Symposium on. pp. 318–325. IEEE (1999)

8. Han, F., Wang, H., Huang, G., Zhang, H.: Sequence-based Sparse Optimization Methods for Long-term Loop Closure Detection in
Visual SLAM. Autonomous Robots pp. 1–13 (2018)

9. Han, F., Yang, X., Deng, Y., Rentschler, M., Yang, D., Zhang, H.: SRAL: Shared Representative Appearance Learning for Long-term
Visual Place Recognition. IEEE Robotics and Automation Letters 2(2), 1172–1179 (2017)

10. Hou, Y., Zhang, H., Zhou, S.: Convolutional Neural Network-based Image Representation for Visual Loop Closure Detection. In:
Information and Automation, 2015 IEEE International Conference on. pp. 2238–2245. IEEE (2015)

11. Klaser, A., Marszałek, M., Schmid, C.: A Spatio-temporal Descriptor Based on 3d-gradients. In: BMVC 2008-19th British Machine
Vision Conference. pp. 275–1. British Machine Vision Association (2008)

12. Labb’e, M., Michaud, F.: Memory Management for Real-time Appearance-based Loop Closure Detection. In: Intelligent Robots and
Systems (IROS), 2011 IEEE/RSJ International Conference on. pp. 1271–1276. IEEE (2011)

13. Labbe, M., Michaud, F.: Appearance-based Loop Closure Detection for Online Large-scale and Long-term Operation. IEEE Transac-
tions on Robotics 29(3), 734–745 (2013)

14. Laptev, I.: On Space-time Interest Points. International journal of computer vision 64(2-3), 107–123 (2005)
15. Milford, M.J., Wyeth, G.F.: SeqSLAM: Visual Route-based Navigation for Sunny Summer Days and Stormy Winter Nights. In:

Robotics and Automation (ICRA), 2012 IEEE International Conference on. pp. 1643–1649. IEEE (2012)
16. Paszke, A., Gross, S., Chintala, S., Chanan, G., Yang, E., DeVito, Z., Lin, Z., Desmaison, A., Antiga, L., Lerer, A.: Automatic Differ-

entiation in Pytorch (2017)
17. Scovanner, P., Ali, S., Shah, M.: A 3-dimensional Sift Descriptor and Its Application to Action Recognition. In: Proceedings of the 15th

ACM international conference on Multimedia. pp. 357–360. ACM (2007)
18. Shi, X., Chen, Z., Wang, H., Yeung, D.Y., Wong, W.K., Woo, W.c.: Convolutional LSTM Network: A Machine Learning Approach for

Precipitation Nowcasting. In: Advances in neural information processing systems. pp. 802–810 (2015)
19. Simonyan, K., Zisserman, A.: Very deep convolutional networks for large-scale image recognition. Computing Research Repository

(CoRR) abs/1409.1556 (2014), http://arxiv.org/abs/1409.1556
20. Srivastava, N., Mansimov, E., Salakhudinov, R.: Unsupervised Learning of Video Representations Using LSTMs. In: International

conference on machine learning. pp. 843–852 (2015)
21. S”underhauf, N., Shirazi, S., Dayoub, F., Upcroft, B., Milford, M.: On the Performance of Convnet Features for Place Recognition. In:

Intelligent Robots and Systems (IROS), 2015 IEEE/RSJ International Conference on. pp. 4297–4304. IEEE (2015)
22. Tran, D., Bourdev, L., Fergus, R., Torresani, L., Paluri, M.: Learning Spatiotemporal Features with 3d Convolutional Networks. In:

Proceedings of the IEEE international conference on computer vision. pp. 4489–4497 (2015)
23. Wang, H., Schmid, C.: Action Recognition with Improved Trajectories. In: Proceedings of the IEEE international conference on com-

puter vision. pp. 3551–3558 (2013)
24. Yue-Hei Ng, J., Yang, F., Davis, L.S.: Exploiting Local Features From Deep Networks for Image Retrieval. In: Proceedings of the IEEE

conference on computer vision and pattern recognition workshops. pp. 53–61 (2015)
25. Zhang, H., Han, F., Wang, H.: Robust Multimodal Sequence-based Loop Closure Detection via Structured Sparsity. In: Robotics:

Science and systems (2016)
26. Zhou, B., Lapedriza, A., Khosla, A., Oliva, A., Torralba, A.: Places: A 10 Million Image Database for Scene Recognition. IEEE

transactions on pattern analysis and machine intelligence (2017)

ICONIP2019 Proceedings 15

Volume 16, No. 2 Australian Journal of Intelligent Information Processing Systems

http://arxiv.org/abs/1409.1556


8 Suogui Dang, Rui Yan, and Huajin Tang

0.8 1.0
Recall

0.8

0.9

1.0

Pr
ec

isi
on

L6O

1
3
5
7
9
11

0.8 1.0
Recall

0.8

0.9

1.0

Pr
ec

isi
on

CCleft

1
3
5
7
9
11

0.8 1.0
Recall

0.8

0.9

1.0

Pr
ec

isi
on

CCright

1
3
5
7
9
11

0.8 1.0
Recall

0.8

0.9

1.0

Pr
ec

isi
on

NCleft

1
3
5
7
9
11

0.8 1.0
Recall

0.8

0.9

1.0

Pr
ec

isi
on

NCright

1
3
5
7
9
11

0.50 0.75 1.00
Recall

0.6

0.8

1.0

Pr
ec

isi
on

BM

1
3
5
7
9
11

0.0 0.5 1.0
Recall

0.0

0.5

1.0

Pr
ec

isi
on

BO

1
3
5
7
9
11

Length

Fig. 4: Precision-recall curves for each dataset obtained by VLAD with different sequence length
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Fig. 5: Precision-recall curves for each dataset obtained by ST-VLAD with different sequence length
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Abstract. Automatic font synthesis, to save much time and labor, is an appealing solution for new font design.
Although existing methods obtain success in font transformation to some extent, the quality of generated
characters is not entirely satisfactory. Inspired by the superior performance of self-attention mechanisms in
image generation task, this paper proposes a new model called SAFont for font transformation. The introduction
of self-attention mechanisms is capable of modeling connections of strokes in a Chinese character. In addition,
the definition of Edge Loss compels the model to generate characters with sharper edges. We show that SAFont
is an effective model for font transformation from the experimental results.

Keywords: Automatic font synthesis · Self-attention mechanisms · Edge Loss.

1 Introduction

Chinese characters have been used continually over three millennia by more than a quarter of the world’s population
[1]. The use of Chinese characters is closely related to people’s everyday life in East Asia. Recently, more and more
netizens prefer to use Chinese characters with artistic or calligraphy style when they are online as this can show
their distinctive style and taste. However, designing a new Chinese font with artistic or calligraphy style is a time-
consuming and laborious task, requiring considerable efforts on manual design of benchmark characters [2]. Hence,
automatic font synthesis, i.e. synthesizing characters of a certain font given limited manually designed samples is a
meaningful task.

Most previous works [3, 4] leverage the hierarchical representation of simple strokes to learn font transformation.
They first extract the representation of strokes from some existent characters and then combine strokes to generate
nonexistent characters. The main problem of these methods is that the manual representations rely on preceding
structural segmentation of characters which are severely affected by the prior knowledge. In addition, these methods
focus on the local representation of the characters and ignore the overall style of characters.

Recently, several researchers model font synthesis as an image-to-image transformation problem. End-to-end
methods based on Generative Adversarial Networks(GANs) [5] open up new horizons for the direction of font
synthesis. On the one hand, directly transforming fonts end-to-end gets rid of the dependence on the hierarchical
representation of simple strokes. On the other hand, owing to the ideology of adversarial learning which takes
the overall style of Chinese characters into account, font synthesis has achieved remarkable progress. Zi2zi [6] and
DCFont [7] learn to transform fonts based on pix2pix [8] using paired training data. Lyu et al. [9] employ two
encoder-decoder networks to transform fonts where one is to learn font style representation and the other is to learn
the style transfer. Chang et al. [2] design a hierarchical discriminator to provide more information for the generator
and obtain remarkable success in Chinese font transformation.

However, these methods still have two obvious drawbacks:

– Fig.1 shows the uniqueness of the font with artistic or calligraphy style when combining strokes. The above
mentioned methods [2, 6, 7, 9] only consider the migration of the overall style during font transformation. In fact,
it can be noted that there are connections and changes among strokes rather than simply stacking strokes(cycled
in red in Fig.1). However, these methods rarely take this relationship into account.

– For some complicated Chinese characters, their corresponding transformed results often loss part of local infor-
mation. As we can see in Fig.2(cycled in red), the generated results loss parts of strokes, or the edges of strokes
are blurry.

To overcome the above problems, we propose a novel Chinese font transformation model, embedded with self-
attention mechanisms [10] and Edge Loss. First, we introduce the self-attention mechanisms into font trans-
formation models to capture geometric and structural patterns that exist consistently in some Chinese characters.

? Corresponding author.
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Fig. 1. Some samples of Chinese characters with callig-
raphy style

Fig. 2. Some unsuccessful samples generated by previous
models.

Zhang et al. [11] pointed out that convolutional GANs [14, 15] have difficulty in modeling some image classes when
trained on multi-class datasets. Similar problems also exist at a multi-class database composed of Chinese char-
acters. Different from the convolution operator, self-attention mechanisms are capable of helping the model build
connections among strokes when transforming fonts [11]. With self-attention mechanisms, our model can generate
results with more details. These details in a Chinese character (cycled in red in Fig.1) help to represent the style of
Chinese characters. Second, to constrain the model to generate characters having sharper edges with less blur, we
define a new loss called Edge Loss. Specially, the definition of Edge Loss introduces additional structural informa-
tion into both generator and discriminator. The Edge Loss enables the discriminator to measure the discrepancy in
distribution between the edges of generated and real characters, so that the generator is trained to produce results
with less blur and shaper edges.

In summary, the main contribution of our work is to propose an end-to-end method for font synthesis, integrated
with self-attention mechanisms and Edge Loss. We name our method SAFont. To our best knowledge, SAFont is
the first attempt to integrate self-attention mechanisms into font transformation models. The experimental results
show that we improve the quality of generated characters compared with state-of-the-art font synthesis algorithms.
The generated Chinese characters obtained by SAFont maintain more details and shaper edges.

The remainder of the paper is organized as follows. We introduce the proposed SAFont for font transformation
in Section 2. Then, the experimental results are illustrated in Section 3. Finally, we conclude the paper and discuss
the future work in Section 4.

2 Methods

2.1 SAFont Network Architecture

Inspired by the successful experiences [6, 7] in designing a font transformation model, we design a novel font trans-
formation model SAFont. SAFont consists of a style transfer network and a discriminator. The whole framework
and specific structure details are shown in Fig.3.

Style Transfer Network: The style transfer network consists of five parts: the Content Encoder, the Style
Transfer Module, the Generator and two Self-Attention Blocks. The Content Encoder and the Generator follow
the Conv-InstanceNorm [12]-ReLU architecture and the Deconv-InstanceNorm-ReLU architecture, respectively.
We replace ReLU with Tanh as the activation of the last layer of the Generator. The Style Transfer Module is
stacked with six Res-Blocks which share the same architecture with ResNet [13]. Self-Attention Blocks are used
for calculating the attention between feature maps from previous layers. We discuss them in detail in the next
section. Simultaneously, to avoid losing location and structure information during down-sampling, we add several
content skip-connections between the Content Encoder and the Generator to recapture the location and structure
information.

As mentioned earlier, our model is end-to-end and the flow chart of our method is shown in Fig.3. First, the
Content Encoder maps a specified source character to a content embedding. Then a self-attention block is used to
calculate the attention between these content features. Features processed by self-attention mechanisms are fed into
the Style Transfer Module. The outputs of the Style Transfer Module can be considered as the extracted features
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Fig. 3. The structure of SAFont. The middle part of the figure is the whole framework of SAFont, consisting of a Style
Transfer Network and a Discriminator. In the top and bottle of the figure, we show the structure of Self-Attention
Block and Res-Block in detail, respectively.

from the target domain. Similarly, we calculate the attention between the outputs of the Style Transfer Module
again. Finally, all features are decoded via the Generator.

Discriminator: We employ a commonly used adversarial discriminator [8] which is stacked by several Conv-
InstanceNorm-ReLU blocks to distinguish images from generated to real. The only difference is that we add an
additional self-attention block in the middle of the discriminator to capture the relationships among strokes in a
Chinese character.

2.2 Self-Attention Mechanisms

Since self-attention mechanisms are successfully applied in various tasks which must capture global dependencies,
we keep and use the most of their advantages.

Most GAN-based models [14–16] for image generation are stacked with convolutional layers. However, convolu-
tion operator only focuses on local area of an whole image, thus it is inefficient to model long-range dependencies
in images by using convolutional layers alone. Building a deeper convolutional network can improve this problem
while it makes the network to be more difficult to train and slow to converge. In order to address this issue, self-
attention [10, 11], also called intra-attention, is proposed to calculate the response at a position in a sequence by
attending to all positions within the same sequence. SAGAN [11] is one of the first attempts to apply self-attention
mechanisms in image generation. Owing to the adaptation of self-attention to the GAN framework, both generator
and discriminator are capable of modeling relationships between widely separated spatial regions.

Self-attention mechanisms work as follows(described in the top of Fig.3): feature maps from previous hidden
layer x are first transformed into two feature spaces f ,g to calculate the attention, where f and g are two 1×1
convolution operators

αj,i =
exp(vij)∑N
i=1 exp(vij)

, where vij = f(xi)
T ∗ g(xj), (1)
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and αj,i indicates the extent to which the model attends to the ith location when synthesizing the jth region. Then
the output of attention layer is z = (z1, z2, · · · , zj , · · · , zN ) where

zj = t(
N∑
i=1

αj,ih(xi)) (2)

and h and t are also two 1×1 convolution operators. Finally, the output of attention layer is multiplied by a scale
parameter β and added back the input feature maps. The final output of SA-Block is represented as

yi = βzi + xi (3)

Note that four 1×1 convolution operators used for calculating the attention between feature maps add little
extra parameters and computational complexity. Our method can model connections and changes among strokes
during font transformation with the presence of self-attention mechanisms. With self-attention layers, we can obtain
high quality characters with more details.

2.3 Loss Functions

Edge Loss: Pixel-level loss [2, 9] is widely used in existing font synthesis algorithms. All of them estimate the
distribution consistency of two domains based on per-pixel discrepancy of generated and real characters. However,
for font transformation task, the weights of pixels in a Chinese character image are different from each other.
Contrary to the pixels which are used as background or filler, boundary pixels play a key role on determining the
overall style of the Chinese characters. Hence, our model is demanded to pay more attention to the edge of each
character. To avoid the failure cases shown in Fig.2 and reserve the edges of characters as much as possible, we
define Edge Loss to constrain our model to generate results with shaper edges. We utilize Canny algorithm [20] to
extract the edges of both generated and target images. L1-norm is used to measure the pixel distance between the
two edges:

Ledge = E(x,y)∼pdata
[‖ C(G(x))− C(y) ‖1] (4)

where C denotes Canny algorithm, G denotes the generator, x and y are a pair of training sample from source and
target domains, respectively.

Pixel-level Loss: Following by [2], we replace L1- or L2-norm with cross entropy function as per-pixel loss.
Contrary to other image generation problems, each pixel in characters is normalized near 0 or 1 value in font
transformation tasks. We regard our font transformation problem as a logistic regression problem. The pixel-level
loss is defined as:

Lpix−wise(G) = E(x,y)∼pdata
[−y(log(σ(G(x)))− (1− y) log(1− σ(G(x)))] (5)

where σ is sigmoid activation.

Adversarial loss: Since Goodfellow et al. [5] propose generative adversarial networks, adversarial losses have
been successfully applied in various image generation tasks. The process of adversarial training helps the model to
generate more authentic images. We select the hinge version [17–19] of adversarial loss to train our model:

LGAN (G) = −E(x,y)∼pdata
D(G(x)) (6)

LGAN (D) = −E(x,y)∼pdata
[min(0,−1 +D(y))]−

E(x,y)∼pdata
[min(0,−1−D(G(x)))]

(7)

where D denotes the discriminator.

Finally, the total loss for the generation is:

Ltotal(G) = LGAN (G) + λ1 ∗ Ledge + λ2 ∗ Lpix−wise (8)

where λ1 and λ2 are used to balance the weights between the three losses.
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3 Experiments

3.1 Datasets

All training data used in our experiments comes from the font website 1. In our experiment, each font contains 3000
to 6000 grey-scale images in 64×64 format. These fonts are used as target fonts. We select the SimHei as source
font. The training set consists of 2000 source characters and 2000 corresponding target characters from other styles,
respectively. The remaining characters in source font are used for testing.

3.2 Performance Comparison

In this section, we illustrate our experimental results by transferring the font of SimHei to three fonts with other
styles. In addition, we qualitatively and quantitatively evaluate the proposed method for Chinese font transformation
problem.

Qualitative Results: To visually estimate the quality of these fonts generated by our method, we select several
characters from each font to render a paragraph. For better demonstration, some generated characters are replaced
by real characters and emphasized in red in Fig.4. The mixture of generated and real characters is beneficial to
compare the style difference between each other.

In Fig.4, we can observe that the characters generated by our model are almost indistinguishable from real
characters. Experimental results show that our model has the capability to transfer an existed printed font to other
artistic or calligraphy fonts. More crucially, as mentioned earlier, our model has the capability to build connections
and changes among strokes in a Chinese character. For example, in Fig.4 (c), there are full of connections and
changes when transforming the font of SimHei to the font with a calligraphy style as a Chinese character in a
calligraphy work is often completed by a continuous stroke. From the experimental results, SAFont performs well
in modeling connections and changes which is like a calligrapher is creating calligraphy works.

Quantitative Results: We quantitatively compare the performance with three state-of-the-art methods for
font transformation: AEGG [9], Zi2Zi [6] and HGAN [2]. Root Mean Square Error(RMSE) and Average Pixel
Disagreement Ration(APDR) [21] are utilized as quantitative evaluation metrics. The results are shown in Table 1.
It can be seen that SAFont achieves better results than AEGG and Zi2zi, and performs slightly better than HGAN.

天街小雨润如酥
草色遥看近却无
最是 一 年春好处
绝胜烟柳满皇都

(a) SimHei (b) style1

天街小面润扣秝

单色道看近却无
彖生一年永朽处
f色胜烟抑涡曳都

(c) style2 (d) style3

Fig. 4. Parts of the Qualitative Results. (a) shows the text rendered using the source font SimHei. (b-d) show the corre-
sponding texts rendered using the mixture of generated and real characters with three different styles.

1 https://www.izihun.com/
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Table 1. Quantitative Comparison.

Model
SimHei → font1 SimHei → font2 SimHei → font3
RMSE APDR RMSE APDR RMSE APDR

AEGG [9] 22.128 0.178 23.156 0.221 25.112 0.235
Zi2Zi [6] 24.156 0.244 26.800 0.256 27.104 0.231

HGAN [2] 20.205 0.120 22.147 0.186 23.205 0.202
SAFont(our) 20.809 0.116 22.156 0.192 22.476 0.183

Table 2. Evaluation of Self-attention Mechanisms.

Position of SA-Block
SimHei → font1 SimHei → font2 SimHei → font3
RMSE APDR RMSE APDR RMSE APDR

no attention 22.134 0.182 23.229 0.234 24.518 0.241
f64 22.524 0.193 23.301 0.229 24.417 0.233
f128 21.591 0.164 22.899 0.205 24.020 0.210
f256 20.793 0.138 22.484 0.187 23.179 0.191
f512 20.809 0.116 22.156 0.192 22.476 0.183

3.3 Analysis of Self-Attention Mechanisms

In this section, we conduct experiments to evaluate the effect of self-attention mechanisms. The results are shown
in Table 2. The first row is the result without self-attention mechanisms and the last four rows are the results with
self-attention blocks in different layers. In the first column of Table 2, fnum represents different levels of feature
maps. Larger number denotes higher level feature maps.

Comparing the first row and other rows in Table 2, we can see that the values of RMSE and APDR are
significantly reduced with the help of self-attention mechanisms. Experimental results show that self-attention
mechanisms play a key role in improving the quality of generated characters. Simultaneously, from the last four
rows in Table 2, similar to [11], we can conclude that SAFont with self-attention mechanisms at the middle-to-high
level feature maps performs better than that at the low level feature maps.

Source font:

With Edge Loss:

Without Edge Loss:

Ground Truth:

Fig. 5. Generated Results with/without Edge Loss

3.4 Effect of Edge Loss

From the results shown in the Fig.5, we can see that the use of Edge Loss helps to improve the quality of the
generated images. It can be noted that the generated characters tend to be sharper with much less blur compared
with those generated by models without Edge Loss. Experimental results show that Edge Loss is effective to
constrain SAFont to generate high quality Chinese characters.
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4 Conclusion and Future Work

In this paper, we propose a novel Chinese font synthesis model called SAFont. We integrate self-attention mechanisms
to our model and define a Edge Loss to get shaper edges in Chinese characters. Experimental results show that
SAFont performs better than state-of-the-art font transformation algorithms. However, like most of the current
methods, it is time-consuming as we need to retrain the model for each font transformation. In the future, we plan
to adapt the ideology of transfer learning to our model to improve the generalization capability of our model.
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Abstract. With the maturity of AI technology, computer-aided diagnosis technology is gradually developing,
even surpassing the performance of doctors. However, due to the lack of interpretability of deep learning, we
can’t understand what the model has learned, and even determine whether the diagnostic model is credible.
In this paper, Feedback Attention Network(FAN) is proposed, which visualizes the lesion area that plays a
decisive role in precise prediction while classifying benign and malignant thyroid ultrasound images. The degree
of fineness is adjustable, which is more refined than existing visualization methods. In addition, this paper uses
the attention to make the model more sensitive to the lesion area and inhibit the influence of the non-lesion area.
The experimental results show that the accuracy of benign and malignant classification reaches 90.76%±2.8%.
Compared with the state-of-the-art classification networks, FAN has higher accuracy and fewer parameters.
Above all, the visualization results show that FAN does learn the true nodule features, especially those at the
edge of nodules, which proves FAN a credible aided diagnosis model.

Keywords: Thyroid Nodules · Ultrasound Images · Visualization · Attention.

1 Introduction

In recent years, deep learning and artificial intelligence(AI) have made breakthroughs in the field of visual recognition
tasks[28], and AI-assisted diagnosis also has a series of successful cases[23][14]. And researches mostly focused on
lung CT image [19], skin diseases [2], brain diseases [10] and so on. Among them, thyroid disease, due to its high
incidence, attracted the attention of researchers[18, 17, 12, 22]. Thyroid ultrasound images serve as an important
basis for diagnosing thyroid related diseases, especially of thyroid cancer. Doctors need to observe and analyze a
large number of images every day. But ultrasound images are abundant with the features of low resolution and
subtle targets; all of these results in pressure on doctors and affect the accuracy of diagnosis.

When it comes to medical image classification[3], AI-aided diagnosis has a quite satisfied accuracy, even higher
than that of professional doctors. However, due to the lack of interpretability of deep learning, the researchers
cannot explain the diagnostic basis of the AI models. Therefore, it is difficult to confirm whether the results of AI
system are credible, especially when the test data is not sufficient. Considering the above reasons, the achievements
of AI-aided treatment are difficult to be applied in clinic.

Visualization is an effective method to explain the AI-aided medical models. With the aid of visualization, the
regions in the image that have the greatest impact on the classification results of the model can be illustrated.
If these regions are consistent with the doctor’s knowledge, the model would have high validity and reliability.
At present, there are two major methods for visualizing the AI-aided medical model, occluding image region and
the reverse reasoning. Kermany et al. used random occlusion method when visualizing retinopathy images [9]. K.
Kumar Singh et al. hided patches in a training image randomly, forcing the network to seek other relevant parts
when the most discriminative part is hidden. Rajpurkar et al. used the method of reverse reasoning based on class
activation mapping (CAM) technique to build pneumonia diagnosis model[19]. Guanbin Li et al. proposed to use the
combination of a coarse salient object activation map from the classification network and saliency maps generated
from unsupervised methods as pixel-level annotation.
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Because the gray scale ultrasound images are easily affected by the electronic noise source of the internal compo-
nents of the system and the scattering and refraction signals produced by organs and tissues in the imaging process,
the ultrasound images have many drawbacks such as serious speckle noises, illusory shadows, low contrast and com-
plex shapes[7]. The features used in ultrasound image diagnosis mainly include texture features and morphological
features. Texture features could analyze the interior of nodules when morphological features investigate the shape
and boundaries of nodules.

In this paper, we found that the size of the Last layer of Feature Map (LFM) was inversely related to the
accuracy of classification and effect of visualization. More specifically, a larger size of LFM leads to a more refined
visualization but a declined accuracy, owing to the massive loss of information. With smaller LFM, the visualization
is rougher, but the accuracy is improved. Therefore, a Feedback Attention Network (FAN) is proposed as an aided
diagnostic model for thyroid nodules. While maintaining the accuracy of benign and malignant classification, we
can intuitively see the features in the images that play a key role in diagnosis models and control the degree of
refinement. This method can assist the diagnosis process of doctors and improve the reliability of deep learning
models. The main contributions of this method are as follows.

– A method called Large-scale Average Pooling (LAP) is proposed to replace Global Average Pooling (GAP)
when making CAMs, which achieves a refined visualization of the thyroid ultrasound images on the premise of
maintaining classification accuracy. Whats worth mentioning is that it could show the edges of nodules.

– The FAN focuses on the areas that play a decisive role in the classification of benign and malignant tasks by
attention, thus optimizes the network performance, and improves the accuracy of classification.

2 Related Work

In the field of thyroid aided diagnosis, Kong Dexing et al. [17, 18], for the first time, used convolutional neural
networks. In their work, the classification accuracy of this work reached 83.02%. Recently, S.Y. Ko et al. [12]
designed a deep convolutional neural network to diagnose thyroid malignancy using ultrasound, with an accuracy
rate of about 88.0%. J. Wang et al. [22] proposed a semi-supervised learning method based on weakly-labeled data to
automatically classify ultrasound thyroid nodules. Although the accuracy of their models have gradually surpassed
that of doctors, we cannot be sure whether the models are reliable due to the lack of explanation of the model.
In other words, we don’t know exactly what the model is learning and what factors in the image are driving the
model’s diagnosis.

Visualization is one of the main ways to study the interpretability of deep learning[5][1]. M. Lin et al. put forward
a term called Global Average Pooling (GAP) to replace the fully connected layer when discussing the structure of
Network In Network [16]. The core idea of GAP is to correspond each channel of the feature map to a category to be
classified at the end of CNN. Through visual analysis, it is easy to find that the last layer of feature map enhances
the image area associated with the category. Bolei Zhou et al proposed the class activation mapping (CAM) [29],
which significantly optimized the expression of the GAP. The CAM does not require each feature map to correspond
to a category but a full connection layer is added after the GAP to map the average value to each category. This
mechanism reduces the information that must be retained in each channel, so the ability to model classification is
improved.

CAM can show the target detected by the network through the saliency map, so it can be used to analyze the
classification mechanism, as shown in the Equ (1)(2). In the formulas, M represents the feature image, R represents
the results of the GAP, and P represents the probability of beloing to each category.

M = {mi}, R = {ri}= {
1

h · w
∑

mi}, P= {pi} (1)

P = softmax(R ·W + b)

= softmax(
∑
x,y

(
1

h · w
∑
j

(mjx,y
·Wj,i)) + bi)

(2)

Let P ′ = R ·W + b, and substitute the expression of softmax , as shown in Equ(3).

pi = softmax(P ′, i) =
eP

′
i∑

j e
P ′

j
(3)
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P ′i = R ·W:,i + bi

=
∑
j

(Rj ·Wj,i) + bi

=
∑
j

((
1

h · w
∑
x,y

mjx,y
) ·Wj,i) + bi

=
1

h · w
∑
x,y

∑
j

(mjx,y
·Wj,i) + bi

=
∑
x,y

(
1

h · w
∑
j

(mjx,y
·Wj,i)) + bi

(4)

, where h and w represent the height and width of the feature maps outputted by the last convolutional layer
respectively.

Let f(x, y, i) = 1
h·w

∑
j(mjx,y

·Wj,i), then f(x, y, i) represents the contribution of the pixel (x, y) of the image
to the i − th category to a certain degree. Therefore, Pi is the distribution of the importance of each part of the
image to the i− th category. A saliency map is formed by a proper treatment of Pi.

But the studies based on CAM are insufficient mainly in two aspects, oversized location range and inaccurate
localization. Some researchers have proposed that applying CAM several times and erasing the known sensitive
regions before each training can push the CAM to pay attention to next correlated regions. For example, Singh et
al. [21] randomly blocked images in each round of training, forcing the network to focus on the correlated parts of
the object; Yunchao Wei et al. [24] found out the new correlated feature region by blocking the maximum weight
region in a way of confrontation. Dahun Kim et al. [11] suppressed the salient region in the first stage to train the
network in the second stage by the feedback of reasoning conditions. Besides, Yunchao Wei et al. [25] used empty
convolution to enlarge the receptive field to avoid the problem of multiple training caused by the above occlusion.
Zilong Huang et al. [6] put forward the method of improving pixel level substitution by means of expanding of
the seed region. All these methods have been successful in processing natural images, but the adaptability of these
methods in medical imaging, especially ultrasound imaging, is not as good as expected.

A Feedback Attention Network(FAN) was proposed in this paper. On the basis of maintaining the accuracy of
thyroid benign and malignant classification, the lesion areas that play a key role in the prediction of the model were
visualized, which proved that the model in this paper learned the real nodule features, making the aided diagnosis
results credible.

3 Proposed Approach

In this paper, an improved method based on GAP, named Large Average Pooling (LAP), is proposed to optimize
CAM’s visualization effect of deep learning assisted thyroid nodule medical treatment model, while classifying
benign and malignant nodules. The LAP could, on the one hand, help doctors to locate the lesion quickly, and on
the other hand make AI models more reliable by comparing with the doctor’s field knowledge. The structure of the
FAN is shown in Fig.1.

3.1 Precise visualization

The existing visualization work using the CAM is often not precise enough, mainly in two aspects, the oversized area
and inaccurate localization, thus failing to meet the actual needs of medical image processing. These two problems
are mostly caused by oversized up-sampling, which is explained as follows.

As the formula (2) shows, the visualization based on the CAM is in fact a weighted summation of the LFM,
so the size of the CAM is equal to that of the LFM. In a typical CNN classification network structure, an image
with the size of 224× 224 is input and down-sampled for 5 times to get the LFM with the size of 7× 7. Therefore,
in a visual effect diagram with the same size of the original image, one pixel of the CAM corresponds to an area
covering 32×32 pixels of the original image. Correspondingly, CAM can only divide the image into 7×7 blocks and
determine the importance of each block during visualizing, which is rough and fundamentally limits the accuracy
of visualization.

In this paper, it is agreed that the width and height of the image will be halved after each down-sampling,
and the number of the times of the down-sampling will be represented as n. So the parameter R = 2n indicates
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Fig. 1. The structure of the FAN.

the magnification factor of the CAM in the process of visualization. This parameter has a great influence on the
classification and visualization effect: When R is large, the image is down-sampled and feature-extracted layer by
layer, which is helpful to improve the accuracy of classification but comes to an unsatisfied visualization effect; when
R is small, the advantage of the CAM can be brought into play. But a larger size of the corresponding LFM causes
a lot of information to be lost when executing the GAP. A number of experiments have proved the above view, and
particularly when the size of LFM is large, the classification accuracy of the model is greatly reduced.

In this paper, we proposed a solution of using the LAP instead of the GAP to coordinate the classification
and visualization effects, so as to solve the above problems. The weight matrix acting on LFM in CAM is called
weight transfer characteristic matrix (WTFM) after the average pooling, as shown in Fig.1. At the same time, we
use parameter η (η = inputsize/R) and κ to represent the size of LFM and WTFM, that is, LFM ∈ Rη×η×c and
WTFM ∈ Rκ×κ×c, where c represents the channels. Obviously, LAP will degenerate into GAP when κ = 1.

The matrix for visualizing CAM M calculated by means of the WTFM and LFM is shown in the formula (5),
in which L(i) = bi/κc.

Mi,j =
1

η2
LFMi,j ∗WTFML(i),L(j) (5)

Since it does not averaging the whole channel of the feature map, the LAP alleviates the problem of information
loss caused by excessive down-sampling of the GAP, which could set a larger LFM while maintaining a strong
classification capability for the model at the same time, thereby achieving a better visualization.

In fact, no matter the LAP or the GAP, both of them belong to the average pooling in essence. Compared
with the GAP, the improvement of the LAP is reasonably selecting the parameter κ to balance the effects of CNN
classification and visualization when using the CAM for visualization.

3.2 Feedback Attention

In recent years, research about attention in CNN had gradually deepened, which was first proposed by Itti in 1998[8].
It plays an important role in many computer vision tasks, such as Sophisticated Category [4], Image Caption [27],
Classification [20] and Segmentation [15]. We make full use of CAM visualization results then feedback to the
network, making the network pay more attention to the key lesion, and thus form a positive incentive.

Through the description in Section 3.1, WTFM combined with LFM can obtain the most discriminative areas
of the current classification model. Furthermore, we use the sigmoid activation function to nonlinearly map Mi,j

to get the attention graph AMi,j ∈ Rη×η. The AM is then combined with feature map F by means of F � AM to
positively motivate the network at the next epoch, where � is pixel-wise multiply operation.
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4 Experiments and Results

4.1 Data set and experimental settings

In this paper, 7216 thyroid ultrasound images provided by Tianjin Medical University Cancer Institute and Hospital1

were used for training and testing, with each image containing exactly one nodule. According to the pathological
results of the diagnoses of these nodules, the images were tagged with credible benign or malignant labels, including
2712 benign cases and 5404 malignant cases. In the experiment, 80% of the data were selected randomly for training
and 20% for verifying classification accuracy and the effect of visualization.

(a) (b)

Fig. 2. Convolution neural network is used to remove the boundary effect. (a) is the original image, (b) is the image after
removing the boundary.

Thyroid ultrasound images are captured by different ultrasonic machines. Information such as equipment model,
date, patient ID are displayed on the boundaries of the images, which mislead the training process to learn an
incorrect classification mechanism. Therefore, the method discussed in our previous work [26] is used to remove
the boundaries. The effect is shown in the Fig.2. Noting that some previous works did not discuss the influence of
boundary, we believe that this issue should receive more attention in the future.

After clipping, the images are scaled to the size of 224 × 224, which are labeled with 0 (benignancy) or 1
(malignancy). The pixel value of the image is mapped to the range of [0,1] by dividing 255.

In this experiment, we set the batch size to 10 and each epoch with 577 iterations. The model uses the momentum
optimizer for back propagation. And the initial learning rate is set to 0.01, which is updated to 10% for every 100
epochs.

4.2 Visualization Results

The parameter η affects the degree of fineness of visualization. In this paper, η is set to 7, 14, 28, and 56 respectively,
according to the method described in formula (5). The visualization results are shown in Fig. 3, the warm tone
indicates that the corresponding area contributes a lot to the results of the classification.

Regions with strong warm or cold tone are called Effective Regions in this paper. As the result shown in Fig.
3, when the value of η is small, the color tends to be in uniform, and the effective region is not consistent with the
location of the nodule. However, 7 and 4 are the most commonly used values of η in previous works [13, 19] So most
of these works only showed a really rough visualization effect.

With the increase of the value of η, more and more details of images have been visualized. Also, the Effective
Regions shrinks into the inside of the nodules gradually, and focus on the details of the nodule. According to the
physicians of Tianjin Medical University Cancer Institute and Hospital , the precise localization is likely to appear
in the irregular area of the nodule boundary, which is an important feature of malignant nodules, as shown in Fig.
4. It can be seen that the FAN proposed in this paper can visualize the lesion area of the nodule very finely, which
can locate the important features such as the edge of the nodule and the calcification.

It is worth noting that the effect of boundary detection is obtained when η = 112, as shown in Fig. 4. The
detection results are consistent with medical diagnostic criteria. However, the model faces great information loss

1 http://www.tjmuch.com
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Fig. 3. Visualization result when set η with different values. The warm tone indicates the region which has a great impact
on the classification.

(a) η = 112, κ = 7 (b) η = 28, κ = 2

(c) η = 14

Fig. 4. The details detected by the LAP-based model, warm tones indicate areas that have a greater impact on the classifica-
tion. Among them (a) η = 112, κ = 7, you can visualize the nodule edges. (b) η = 28, κ = 2, which has excellent visualization
of tiny nodules. (c) Visualization of κ = 1, 2 when η = 14. The result with κ = 2 is more accurate.
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when using GAP for the feature map of 112× 112 in size is replaced by its average value. As a result, the accuracy
of classification is sharply reduced to 73.4%. The LAP proposed in this paper can retain high classification accuracy
while achieving a similar visualization effect. When η = 112 and κ = 7, the accuracy of classification is 89.4%.

It is worth noting that the effect of boundary detection shown in Fig. 4 is obtained when η = 112, and a visual
image with great medical significance can also be obtained. But while using the GAP, the average value is used
to replace a feature map with size of 112 × 112. Given this, the information is lost greatly, and the accuracy of
classification is sharply reduced to 73.4%. The LAP proposed in this paper can retain high classification accuracy
while achieving the similar visualization effect. When η = 112 and κ = 7, the accuracy of classification is 89.4%.
As shown in figure Fig. 4, the visualization by the LAP have grid lines when look carefully, but it can realize the
localization of nodule details similar to that by the GAP.

4.3 Classification Task

In order to confirm that the FAN proposed in this paper can solve the contradiction between classification and
visualization, this section compares experiments with FAN under different parameter settings. We set η from 7, 14,
28 to 56, and κ from 1, 2, 4 to 8, respectively. The metrics used are Accuracy, Precision, Specificity, Recall and
F1-Score, as shown in Equ(6). The Confusion Matrix is shown in Table 1. The experimental results are shown in
Table 2.

Table 1. The Confusion Matrix of binary classification.

Actual Label
Prediction

Positive Negative

Positive True positives(TP) False negatives(FN)
Negative False positives(FP) True negatives(FN)

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP

Specificity =
TN

TN + FP

Recall =
TP

TP + FN

F1− Score =
2× TP

TP+FN
× TP

TP+FP

TP
TP+FN

+ TP
TP+FP

(6)

The experimental results intuitively show the contradiction between accuracy and fineness. That is, when κ = 1,
which is GAP, a larger η means a finer visualization effect, but a worse classification effect. Conversely, in GAP, a
smaller η means a better classification effect, but the visualization is very rough. However, under the LAP proposed
in this paper, this contradiction can be well balanced by adjusting the average pooling scales of different degrees. As
η continues to increase, the loss information gradually increases exponentially, which makes the accuracy of models
with GAP decrease gradually. However, the FAN is not limited by this situation, and always maintains an accuracy
of about 88%, which indirectly indicates that the model we proposed is not affected by the Receptive Field because
it learns the true nodule features. When η = 56, the FAN with LAP accuracy is around 0.56% higher than that
with GAP. When η = 112, the gap increases to 16%. Compared with VGG, ResNet and DenseNet, the FAN has a
same or even higher accuracy. More importantly, the parameters in FAN is fewer, which was 0.5% of VGG, 3.6% of
ResNet-34, and 68.1% of DenseNet. In addition, in order to prove the impact of attention on FAN, the attention
module is removed (η = 56). The experimental results are shown in Table 3.

Obviously, the accuracy of the model has improved under the influence of the attention. Among them, when
κ = 1, the accuracy increased by 4.50%, and when κ = 2, the accuracy increased by 2.96%. This proves that the
attention proposed in this paper has a positive effect on the classification task of benign and malignant thyroid
nodules, which activates the lesion regions related to benign and malignant, and inhibits the influence of non-related
regions.
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Table 2. Parameters setting and performance of FAN.

Model η R κ Accuracy Precision Specificity Recall F1-score #Params

FAN

7 32 1 90.13% 91.99% 86.74% 91.79% 91.89%

0.77M

14 16
1 93.56% 95.60% 92.82% 94.01% 94.80%
2 88.37% 89.71% 82.50% 91.90% 90.79%

28 8
1 92.31% 91.93% 86.00% 96.12% 93.98%
2 87.95% 89.04% 81.22% 92.01% 90.50%

56 4
1 88.43% 94.43% 91.53% 86.57% 90.33%
2 88.99% 90.95% 84.90% 91.45% 91.20%

VGG-19 - - - 89.68% 92.22% 85.88% 91.76% 91.98% 139.58M

ResNet-18 - - - 84.49% 85.74% 75.14% 90.12% 87.88% 11.00M

ResNet-34 - - - 86.29% 89.10% 72.95% 88.90% 89.00% 21.11M

ResNet-50 - - - 84.42% 88.94% 82.32% 85.68% 87.28% 38.08M

DenseNet-40 - - - 89.62% 92.62% 88.03% 90.57% 91.58% 1.13M

Table 3. Parameters setting and performance of FAN.

κ Attention Accuracy Precision Specificity Recall F1-score

1
X 88.43% 94.43% 91.53% 86.57% 90.33%

84.62% 76.25% 71.53% 98.85% 86.09%

2
X 88.99% 90.95% 84.90% 91.45% 91.20%

87.19% 88.66% 80.66% 91.12% 89.87%

5 Conclusion

Due to the lack of interpretability of deep learning, how to make the model credible has become the goal of this
paper. Considering that the existing visualization technology may lose a lot of information during GAP, we proposes
a visual Feedback Attention Network(FAN) by improving CAM and GAP. This model solves the contradiction
between the size of average pooling and the fineness of visualization, and makes the fineness of the visualization
adjustable. At the same time, FAN uses the Attention Map to activate the lesion area of feature maps in the model,
making the model more sensitive to critical features, which could improve the performance of the model. The results
showed that the FAN has a 24.77% lower error rate than the model without attention. Compared to the state-of
the-art classification networks, the FAN has a lower error rate and fewer parameters, which means less training
costs. Therefore, our model FAN is feasible in the field of thyroid nodule aided diagnosis, which can really help the
diagnosis of doctors. In the following work, we plan to realize the weak supervised segmentation task of thyroid
nodules based on the visualization, and reduce the difficulty of data annotations.
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Abstract. Point cloud is an important 3D data structure, which can accurately and directly reflect the
real world. In this paper, we propose a simple and effective network, which is named PyramNet, suitable
for point cloud object classification and semantic segmentation in 3D scene. We design two new operators:
Graph Embedding Module(GEM) and Pyramid Attention Network(PAN). Specifically, GEM projects point
cloud onto the graph and practices the covariance matrix to explore the relationship between points,
so as to improve the local feature expression ability of the model. PAN assigns some strong semantic
features to each point to retain fine geometric features as much as possible. Furthermore, we provide
extensive evaluation and analysis for the effectiveness of PyramNet. Empirically, we evaluate our model
on ModelNet40, ShapeNet and S3DIS.

Keywords: Point cloud · Graph · Pyramid network · Classification and segmentation

1 Introduction

With the advent of new concepts such as autopilots, high-precision maps and smart cities, many scenarios require
perception of 3D environment perception and interaction based on point cloud. The rapid development of 3D
scanning technology makes the acquisition of point cloud more simple and convenient. Hence, point cloud has
gradually become a popular 3D data expression in the field of deep learning on 3D data. Point cloud data can
be applied to classification, semantic segmentation, 3D object detection, 3D reconstruction [20,17], registration
[9], retrieval and other point cloud challenging tasks.

Nevertheless, unlike image, point cloud is highly sparse and unordered in space due to uneven sampling,
sensor accuracy or other factors. PointNet [4] attempts to solve these problems using symmetric functions and
multi layer perceptrons, which is the pioneering application of CNN to directly consume raw point cloud. Many
methods[6,5,11,10,3] based on PointNet have achieved good performance

PyramNet

Fig. 1: 3D point cloud challenge tasks. We propose a novel deep learning architecture on point cloud to
perform classification, part segmentation and semantic segmentation.

EdgeConv [6] attempts to discover the geometric relationship of point cloud. EdgeConv extracts the edge
feature by the relationship between the central point and the neighbor points. However, the local feature extrac-
tion in EdgeConv is based on the Euclidean distance. Calculating the Euclidean distance in high-dimensional
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space does not only consume a lot of memory, but also has little practical significance. When the feature is
mapped directly to high-dimensional space, the geometric relationship of point cloud may be lost.

Graph Convolutional Neural Network (GCNN) is a neural network that extends CNN to graphs. The GCNN
is well suited to process irregular data structures like point cloud. We propose a novel operator, which is named
Graph Embedding Module(GEM), for extracting local geometric relationship in point cloud. We associate point
cloud with the graph and use the similarity between points as the basis for feature extraction.

Most of the PointNet-based methods use multi layer perceptrons to transfer features. The only change is
the number of channels per feature map, so as to enrich the semantic features of each point. The details of the
geometric feature tend to get lost. Also, most points may be assimilated. To preserve the geometric details of each
point as much as possible, we propose another new operator, which is named Pyramid Attention Network(PAN).
The PAN can assign some strong semantic features of each point while increasing the receptive field.

Combined with the characteristics of the Pyramid Attention Network and the Graph Embedding Module, we
propose a novel end-to-end network structure named PyramNet(See Fig. 2), that can consume raw point cloud.
Notice that our baseline does not include GEM and PAN. In our paper, we apply PyramNet to 3D point cloud
object classification and semantic segmentation in 3D scene(See Fig. 1). We have experimented with standard
datasets ModelNet40, ShapeNet and S3DID, and achieved good performance.

To summarize, the main contributions of our work are as follow:

– We present a novel operator, PAN, which assigns each point some strong semantic features and retains the
details of the geometry as much as possible;

– We also designed a new operator, GEM, to associate point cloud structure with graph. Then we exploit the
covariance matrix to explore the relationship between points to enhance the local feature expression ability
of the network;

– We embedded PAN and GEM modules into baseline to form a new point cloud processing structure, Pyra-
mNet, which effectively improves the performance of point cloud classification and semantics segmentation.

2 Related Work

Voxel-based Methods 3D data has a variety of expressions, such as voxels, meshes, and so on. Voxelization
is a method of converting unstructured geometric data into a 3D mesh. Volumetric CNNs [3] are the innovators
applying CNN on 3D voxel. However, these voxel-based methods are often wasteful. Furthermore, these methods
limit the resolution. Kdtree [7] and Octree [8] subdivide the spatial structure, but there are still resolution
constraints.

Multiviews-based Methods Point cloud are projected to 2D plane at small different angles. Networks based
on multiview take advantage of different input including 2D rendered images and point cloud [12,11]. 2D
projections may result in loss of surface information due to self-occlusion. And view point selection is usually
achieved by heuristic, which is not necessarily optimal for a given task. These methods are also usually very
computationally intensive.

Graph-based Methods The Graph Convolutional Neural Network(GCNN) is well suited to process irregular
data structures like point cloud.

One of the methods is that the convolution on graphs is defined in the spectral domain [2,16,15]. However,
these methods need to calculate a large number of parameters. It is improved by polynomial or rational spectral
filters [13,14].

Another graph-based approach is to implement convolution on each node and its neighbors, such as Edge-
Conv [6]. Compared with the spectral methods, its main advantage is that it is more consistent with the char-
acteristics of data distribution. EdgeConv extracts edge features through the relationship between the central
point and the neighbor points by constructing a graph.

3 Our Approach

We propose a novel deep learning network architecture, PyramNet, which can directly consume point cloud as
input without other auxiliary input information, such as projections, pictures, etc. Consider a F -dimensional
point cloud with n points P = {Pi|i = 1, ..., n} ⊆ RF , where point Pi is a set of vectors, including its coordinates
(x, y, z), and some additional features, such as RGB information, normal vector etc. We apply PyramNet in two
different tasks: 3D point cloud object classification and semantic segmentation in 3D scenes.

Section 3.1 introduces the basic architecture of PyramNet. Section 3.2 introduces a novel operator, Graph
Embedding Module(GEM), which can capture local features of point cloud. Section 3.3 introduces another
operator, Pyramid Attention Network(PAN), which can assign strong semantic features to each point. Section
3.4 introduces the hyperparameters of PyramNet.
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3.1 PyramNet Arthitecture

In this section, we introduce our simple and effective network structure, PyramNet(See Fig. 2).
PyramNet[2] has three critical parts. The MLP structure is used for feature propagation. The Graph Em-

bedding Module(GEM) can better capture local geometric features between points. The Pyramid Attention
Network(PAN) combines features of different resolutions and different semantic strengths, especially for seman-
tic segmentation tasks in 3D scene.

We briefly describe our network structure. The input of the network is point cloud as N x F arrays, where
N is the number of points in point cloud, and each point has F -dimensional characteristics. The feature map(N
x 1 x 32) is fed into the first GEM via multi layer perceptron. Then the feature map of N x 1 x 64 is spliced
into N x 64. Next, the first parallel network including MLP structure and PAN starts working.
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Fig. 2: PyramNet Arthitecture. The PyramNet takes raw point cloud. It has two branches: classification
branch and semantic segmentation branch. MLP structure, Graph Embeddeing Module and Pyramid Attention
Network are the three main modules in PyramNet.

The top branch(MLP) outputs a feature map(N x 1 x 512). And the bottom branch outputs a feature
map(N x 64 x 32) through PAN. After Global Average pooling(GAP), the feature map(N x 1 x 32) connects
with the output of the top branch. Then the local feature is strengthened by the second GEM module. It is
divided into two branches. Each branch connects a different number of shortcuts from the first MLP structure.
Classification Network(top branch) outputs the probability of each object through the max pooling layer and
the fully connected layer. After MLP structure without GEM, the segmentation network outputs a N x P score
table, P is the number of categories or classes.

3.2 Graph Embedding Module

As shown in Fig. 3, GEM stands for Graph Embedding Module. Since point cloud is an irregularly distributed
data structure, its main features are distributed in 3D space. Let’s not consider the pyramid structure first. The
role of MLP in Fig. 2 is to continuously select features on the properties of each point. In MLP structure, the size
of the feature map is N x 1 x C. C represents the number of feature channels. N is constant, only C is changing.
Hence, it is reasonable that the properties of each point are always changing during feature propagation.

Assuming that each point has F attributes, that is,AP = {APi
|i = 1, 2, . . . , N},APi

=
{
Aj

Pi
|j = 1, 2, . . . , F

}
.

AP represents a set of attribute values of N points in the point cloud, and APi represents a set of attribute
values of each point. Except describing the relationship between points by using the characteristics of shared
parameters of CNN, we also considere exploiting the geometry of point cloud to explore.

Directed Acyclic Graph Inspired by the idea of graph convolutional Neural Network, we try to use the graph
to describe the relationship between attributes APi in point cloud. The purpose is to capture the local geometric
features of point cloud. As shown in Fig. 3, the input is N x 1 x F feature map, from which we can construct
a directed acyclic graph. Graph G = (V,E) represents the local structure of point cloud, where V = N ⊆ RF

is a set of points in point cloud, and E ⊆ V × V is a set of edges between points. The attribute value of each
point in the point set is APi

. We define an adjacency similarity matrix to describe edge sets.
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Adjacency Similarity Matrix We project the features of each point into high dimensional space. Afterwards,
we use a covariance matrix instead of Euclidean distance to describe the feature between points. That feature
is described by relevance. Points with the same label have a greater correlation, and vice versa.

Assuming that there are N points in point cloud, the set of attribute values of each point is APi
={

Aj
Pi
|j = 1, 2, . . . , F

}
. Initially, the mean set µ of each point’s attribute value is:

µ =
{
µi
A|i = 1, 2, . . . , N

}
(1)

where µi
A = E

(
Ai
)
, Ai is a collection of each point’s attribute. Then we construct the covariance matrix

S ⊆ RN×N . The term (i, j) of S is:

Sij = conv (Pi, Pj) = E
[(
Pi − µi

A

) (
Pj − µj

A

)]
(2)

According to covariance matrix, for any point Pi, retain the top k term which is the strongest correlation with
the remaining N-1 points as the new attribute of Pi. Therefore we get the Adjacent Similarity Matrix
MAS ⊆ RN×k.
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Fig. 3: Graph Embedding Module. MAS is the adjacency similarity matrix. akij8 means the top-k attributes
between Point Pi and Pj8. The input of GEM is N x 1 F feature map, while the output of GEM is N x 1 x 2F.

Through the calculation of MAS , the correlation between points is strengthened, as a result, the network
becomes thicker. The feature map of N x 1 x F becomes N x k x F. Then, it goes through the global average
pooling layer and is connected with the original input of GEM. The output of GEM becomes N x 2F. The
information at each point becomes richer. Because the input channels of GEM differ greatly in the order
of magnitude, we believe that the k is not fixed. After many experiments, we found that when k =

⌈
F
4

⌉
,

the experiment works well(More details in section 4.3). Through experiments, we found that GEM played an
important role in classification task and semantic segmentation.

3.3 Pyramid Attention Network

The pyramid network is widely used in the semantic segmentation task in 2D world, and has achieved a great
performance. We consider introducing this method into the 3D deep learning on point cloud in a reasonable
way. Except for the first layer of the network and the Pyramid Attention Network, all other parts of the network
use a 1 x 1 convolution kernel.

The Pyramid Attention Network uses four different sizes of convolution kernels to downsample the feature
map(See Fig. 2). The reason why different convolution kernels are used is so that the features of adjacent points
with different semantic intensities can be fused. It ensures that each layer is assigned some strong semantic
features. The simple bilinear interpolation is used as upsampling to recover the details of the origin feature
map.

The PAN can increase the receptive field and classify more efficiently, which further improves the accuracy
of local feature extraction.
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3.4 Network Hyperparameter

At the time of training, the classical cross entropy loss is used to supervise the classification branch and the
semantic segmentation branch. We trained the network for 300 epochs on a single NVIDIA GTX 1080 GPU
using Tensorflow1.6 with ADAM optimizer, initial learning rate 0.001, batch size 32, momentum 0.9. The decay
rate for batch normalization starts with 0.5 and is gradually increased to 0.999. All layers include ReLU and
batch normalization except for the last layer. In training, we use dropout with keep ratio 0.65 on the last fully
connected layer in our classification architecture. Notice that dropout is not used in the semantic segmentation
network. In testing, dropout is not used.

4 Experiments

In this section, to verify the effectiveness of our model for processing point cloud, we evaluate our model on the
ModelNet40 [1], ShapeNet [19] and S3DIS [18].

4.1 3D Object Classification

Implementation Details The network architecture of the classification task is shown in the top branch in
Fig. 2. The input is raw point cloud as N x F arrays. N is 1024 points uniformly sampled from the mesh faces
and uniformly normalized to the unit sphere. We take F = 3, that is, we take the 3D coordinates(xi, yi, zi) as
the origin attribute of each point.

Result We evaluate the performance of the 3D Object Classification on ModelNet40 [1,4]. Table 1 shows the
results of our model in the classification task. The methods listed in table 1 have one thing in common. The
input is only raw point cloud with 3D coordinates(xi, yi, zi).

Our baseline does not include GEM and PAN modules. As the table 1 shows, our baseline is slightly
better(0.4%) than PointNet [4]. When the baseline is added to PAN, the accuracy is slightly better than the
baseline. And when baseline is added to GEM, Our model achieves similar performance with PointNet++ [5].
Finally, baseline + GEM + PAN achieves 91.5% accuracy on ModelNet [1], which demonstrates the validity of
PyramNet.

Table 1: Classification Results on ModelNet40.

methods
Accuracy
Avg Class

Accuracy
Overall

PointNet [4] 86.2 89.2
PointNet++ [5] - 90.7

OctNet [8] 83.8 86.5
Kd-Net [7] 88.5 91.8

EdgeConv [6] 90.2 92.2

Baseline 86.7 89.6
Baseline+PAN 87.0 89.9
Baseline+GEM 87.6 90.6
Ours PyramNet 88.3 91.5

4.2 3D Semantic Segmentation

There are two types of point cloud semantic segmentation in 3D scenes. Part segmentation is to assign a pre-
defined part category label(e.g. laptop screen, airplane aerofoil) to each point. 3D scene semantic segmentation
is to assign a semantic objetc class(e.g. chair, laptop in a room) to each point for a given 3D object model.

Implementation Details As shown in the bottom branch of Fig. 2, the size of the input is still N x F. In
part segmentation task, N is 2048, F is 3, while N is 4096, F is 9 in semantic segmentation in 3D scene task. All
points are randomly and uniformly sampled. During training, we use the same tricks as the classification task
to augment point cloud.

The segmentation is a simple extension of the classification network. But the difference is that the second
GEM is connected with several shortcuts from the first MLP structure. At last, three shared fully connected
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Table 2: The Result of Part Segmentation on ShapeNet. The evaluation indicator is mean IoU(%) on
points. We choose 11 of these categories(16 in total) to show the results.

mIoU aero bag cap car chair
ear

phone
guitar knife lamp laptop motor

Shapes
Numbers

2690 76 55 898 3758 69 787 392 1547 451 202

PointNet [4] 83.7 83.4 78.7 82.5 74.9 89.6 73.0 91.5 85.9 80.8 95.3 65.2
PointNet++ [5] 85.1 82.4 79.0 87.7 77.3 90.8 71.8 91.0 85.9 83.7 95.3 71.6

Kd-Net [7] 82.3 80.1 74.6 74.3 70.3 88.6 73.5 90.2 87.2 81.0 94.9 57.4
EdgeConv [6] 85.1 84.2 83.7 84.4 77.1 90.9 78.5 91.5 87.3 82.9 96.0 67.8

Ours
PyramNet

83.9 84.4 81.3 80.4 77.5 94.5 67.9 91.8 86.4 70.6 96.8 66.3

layers (512,256,P) are used to transform the pointwise features. Thence, the semantic segmentation network
outputs a N x P probability map. P is 50 in part segmentation and P is 13 in semantic segmentation in 3D
scene.

(a) GT (b) Baseline (c) PyramNet (d) Difference

Fig. 4: Part Segmentation Results on ShapeNet. From left to right: Ground True, Baseline, PyramNet,
Difference. The red color in the last column 4(d) indicates the difference area between PyramNet 4(c) and
Ground True 4(a).

Result

Part Segmentation We evaluated the performance of the part segmentation on ShapeNet [19]. We compare
our model with PointNet, PointNet++, Kd-Net and EdgeConv. In table 2, we list all categories and mIOU
scores. The mIOU of our model is 83.9%. It’s slghtly better than PointNet and Kd-Net. Our model achieves the
best results in some categories. We save the results in obj format and visualize the part segmentation(See Fig.
4) using meshlab.
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Table 3: Result of S3DIS

mIoU Accuracy Overall

PointNet [4] 47.7 78.6
EdgeConv [6] 56.1 84.1

Ours(PyramNet) 55.6 85.6

(a) Real Scene (b) Ground True (c) Baseline (d) PyramNet

Fig. 5: 3D Scene Semantic Segmentation Results on S3DIS. From left to right: Real Scene 5(a), Ground
True 5(b), Baseline 5(c), PyramNet 5(d).
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3D scene semantic segmentation We evaluated the performance of the semantic segmentation in 3D scene
on S3DIS [18]. We predict the sementic object class for each point. We compare our model with PointNet [4] and
EdgeConv [6] in table 3. Our model has a significant improvement over PointNet. We observe a 1.5% accuracy
improvement compared with EdgeConv.In terms of mIoU, it is similar to EdgeConv.

As shown in Fig. 5, we choose the offices 1, 2, 5, 21, and 36 in area6 in the S3DIS for visualization. From the
visualization results, we can find that PyramNet can effectively segment objects of different semantic categories.
Furthermore, with the help of GEM and PAN, PyramNet outperforms the baseline significantly.

4.3 Ablation Study

Effectiveness of GEM and PAN In Fig. 4 and Fig. 5, we visualize the results of Baseline and PyraNet.
For example, in 3D scene semantic segmentation task, the baseline is prone to semantic label migration, which
indicates that a powerful semantic label may encroach on another weakly expressive semantic label. While GEM
and PAN can effectively separate different semantic classes or different object part labels.

Table 4: The impact of k in GEM on PyramNet.

k Accuracy Overall

20 88.6
30 90.1⌈
F
4

⌉
91.5

The top-k in GEM In section 3.2, we introduce the k value selection method in the GEM module. More
specifically, the input size of the first GEM is N x 1 x 32, while the input size of the second GEM is N x 1
x 544. These two input channels differ by an order of magnitude. We take k = 20, 30 and

⌈
F
4

⌉
to do some

experiments(Table 4), where F is channels of the input of GEM. After many experiments, we found that it is
reasonable when k =

⌈
F
4

⌉
, PyramNet achieves 91.5% accuracy.

5 Conclusion

In this work, we propose a novel end-to-end deep learning framework, PyramNet, to directly consume point
cloud. We propose two different operators, GEM and PAN, to learn point cloud in order to perform point cloud
classification, part segmentation, and 3D scene semantic segmentation tasks. GEM and PAN can successfully
learn the spatial local geometric features of point cloud. GEM and PAN also demonstrate that we should not
only consider the rationality of the network, but also the geometric characteristics of 3D point cloud when we
apply deep learning on it. Furthermore, for the irregular data such as 3D point clouds, the graph in the GEM
module is an extensible research idea.
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Abstract. Fully Convolutional Siamese (SiamFC) network has been widely used in object tracking com-
munity due to its high speed. This kind of trackers utilize off-line trained fully convolutional network to
conduct similarity estimation between exemplar image and search image. Generally, SiamFC based trackers
keep the ground-truth of targets in first frame as exemplar image during the whole sequence. However, it
is significant to learn the appearance variation for robust tracking. In this paper, we propose an efficient
online training method for SiamFC network. Firstly, we construct SiamFC networks using public CNNs
pre-trained on ImageNet such as AlexNet, VGGNet, ResNet. The SiamFC Network can be fine-tured end-
to-end via the loss between current score map and template score map while tracking. We further define
tracking confidence and update the template score map according to tracking confidence. In addition, we
show that SiamFC network with our online training method can also achieve real-time tracking. Extensive
experimental results demonstrate that our proposed method can promote performance of SiamFC tracker.

Keywords: Object tracking, SiamFC network, online training

1 Introduction

Object tracking is one of the most significant research fields in computer vision, which requires trackers to locate
targets in subsequent frames equipped with ground-truth in first frame. Although researchers have made great
process in recent decades, it is still a challenging to promote accuracy and robustness of trackers on Illumination
Variation (IV), Deformation (DEF), In-Plane Rotation (IPR) and Out-of-Plane Rotation (OPR).

Since Correlation Filter (CF) was investigated into object tracking community in [2], this efficient algorithm
has appealed to a number of researchers. In [8], Henriques et al. utilized circulant matrices to encode translation
of targets. Consequently, the solution of kernel ridge regression can be converted to a simple form by Discrete
Fourier Transform (DFT). They further explained how to use multi-channel features in CF based tracker and
proposed Kernelized Correlation Filter (KCF). Danelljan et al. [4] proposed Color Name (CN) feature by means
of Principle Component Analysis (PCA) and used it to describe colorful information in correlation filter. Li et
al. [11] investigated size pool and resized search image different size to solve scale variation of targets. Danelljan
et al. [3] also used scale pyramid to conduct scale estimation. To handle occlusion, Li et al. divided targets into
several patches and tracked them individually. Qiao’s team in [13, ?] utilized correlation filter to track both
targets and background patches and inferred occlusion state.

Recently, Convolutional Neural Network (CNN) has achieved amazing performance in computer vision tasks
such as image recognition [9, 16, 7], image segmentation [12, 15] and object detection [14, 6]. Bertinetto et al. in
[1] investigated Fully Convolutional Siamese (SiamFC) network into object tracking community, which is pre-
trained on ImageNet with image pairs. The SiamFC network treats object tracking task as similarity learning
problem and calculate similarity between exemplar image and search image. In [5], Dong et al. trained SiamFC
network with triplet loss function. In [10], Li et al. combined SiamFC network with Region Proposal Network
(RPN) and adjusted adjusted target position via bounding box regression.

It is significant to learning appearance variation of targets during tracking. In correlation filter based tracking
algorithm, target template can be efficiently updated benefiting from the linearity of DFT and dot-product.
Most of correlation filter trackers update template by linear interpolation with learning rate. While SiamFC
based trackers only keeps ground-truth for target in first frame as template since activation function is no-
linear. Although correlation filter has been integrated into SiamFC network in [17], it is also proved that the
performance of SiamFC network with and without correlation filter are equal when it contains more than two
convolutional layers.

In this paper, we propose an efficient online training method for SiamFC network using pre-trained on
ImageNet. Firstly we regard the score map of ground-truth in first frame and corresponding search image as
template score map. To take full advantage of end-to-end training, we define loss function which is the difference

? Corresponding author Yu Qiao. This research is partly supported by NSFC, China (No: 61375048 and
No:61876107U1803261), SAST (No: 2017-100; 2016085) and 973 Plan, China (No. 2015CB856004).
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between current score map and template score map. We also define tracking confidence criterion to estimate
the tracking state. When tracking confidence is high, the SiamFC network will be online fine-tuned and the
template score map will be updated.

In summary, our contributions in this paper are as follow:

– We proposed an efficient online training method for SiamFC network via loss between current score map
and template score map.

– We define a tracking confidence criterion and update template score map with high tracking confidence.
– We construct SiamFC networks via public pre-trained CNNs and apply our proposed method to them.
– Experimental results demonstrate that SiamFC networks equipped our online training method outperforms

baselines and achieve real-time.

2 Online Training Method

Fig. 1. Framework of online training for SiamFC network.

2.1 Overview

In this section, we demonstrate our proposed efficient online training method in detail. As show in Fig. 1,
exemplar image and search image are input into SiamFC network and score map is output by cross-correlation.
The loss between current score map and template score map will be back propagated to fine-tune convolutional
layers when tracking confidence is high. In addition, template score map will also be updated according to
tracking confidence.

In Sec. 2.2, we will briefly review SiamFC network in object tracking. In Sec. 2.3, we will define loss function
for online training and demonstrate how to conduct back propagation. In Sec. 2.4, we will define tracking
confidence criterion to estimate tracking states. In Sec. 2.5, we show the updating equation for template score
map.

2.2 SiamFC Network

SiamFC network treats object tracking as image matching tasks and learns a similarity metric off-line with
image pairs. This network contains two CNN branches shared same parameters in order to extract convolutional
features of both exemplar image and search image. Generally, exemplar image regarded as target template is
the ground-truth in first frame and search image is cropped from next tracked frame. The process of feature
extracting can be expressed as:

Zf = ϕ(Z) (1)
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Xf = ϕ(X) (2)

where Z and X denote exemplar image and search image respectively, Zf and Xf are corresponding convolu-
tional feature maps, ϕ denotes feature extracting branch.

In SiamFC network, cross-correlation is employed to calculate the similarity between exemplar image and
candidates in search image. That is:

R = Zf ∗Xf = ϕ(Z) ∗ ϕ(X) (3)

where ∗ denotes cross-correlation, R denotes score map.

While tracking, z is the ground-truth in first frame and x is the search image centered on target in last
frame. The new position of target is estimated by the maximum value in R

2.3 Online Training for SiamFC Network

Most of SiamFC trackers keeps the ground-truth in first frame as exemplar during whole sequence, which means
zf is invariant. However, it is necessary for trackers to learn appearance variation of targets during tracking,
that is fine-tuning parameters of SiamFC network online.

A key component for end-to-end training is loss between output from network and label. Unlike pre-defined
label map Y which only contains +1 and −1, we use real output from SiamFC network. Given that tracker is
only equipped with ground-truth of first frame, we define score map in first frame as template score map. After
tracking one frame, the SiamFC network can be online trained with loss function:

l(Rt, Rc) = −
∑

r
(i)
t log

r
(i)
t

r
(i)
c

r
(i)
t ∈ Rt r(i)c ∈ Rt (4)

where Rt is template score map, Rc is current score map from exemplar image and new tracker position.

Before calculating loss, Rt, Rc have been normalized to ensure
∑
r
(i)
t =

∑
r
(i)
c = 1. In fact, this loss function

is Kullback-Leibler divergence which is a measurement of how one probability distribution is different from
another. We regarded Rt as expected distribution and Rc is real distribution. Notice that Rc will not be equal
to Rt due to the search images in subsequent frames are different from in first frame, we convert the loss function
to:

l =

{
l(Rt, Rc) l(Rt, Rc) > Tl

0 l(Rt, Rc) < Tl
(5)

where Tl is called zero loss threshold. From Eq. 5 we can see that if loss is below than Tl, it will be set to zero.

The loss can be back propagated easily. In fact, cross-correlation can be regarded as single channel convolution
without padding, which means Zf is kernel and Xf is feature map. The gradients of Zf and Xf can be calculated
by:

∂l

∂Zf
=

∂l

∂R

∂R

∂Zf
=

∂l

∂R
∗Xf (6)

∂l

∂Xf
=

∂l

∂R

∂R

∂Xf
= rot(Zf ) ∗ pad(

∂l

∂R
) (7)

where rot(·) means rotating 180 degree and pad(·) means padding zero.

2.4 Tracking Confidence Criterion

Tracking confidence criterion is used to monitor tracking status. There are two commonly used criterions: one
is peak value, the other is Peak-to-Sidelobe Ratio (PSR) [2]. We define relative peak Peakr and relative PSR
PSRr to normalize them:

Peakr = min(1,
P eak(Rc)

Peak(Rt)
) PSRr = min(1,

PSR(Rc)

PSR(Rt)
) (8)

Obviously, Peakr and PSRr are both belong to (0, 1). We further define Joint Criterion of Peak and PSR
(JCPP):

JCPP = λPeakr + (1− λ)PSRr (9)

where λ ∈ (0, 1) is weight factor. Therefore, JCRR is also belongs to (0, 1). Only if JCRR is greater than
threshold Tc, the SiamFC network will be online trained.
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Fig. 2. Overall performance on OTB2013. ”OT” means online training.

Fig. 3. Attribute-based performance on OTB2013. ”OT” means online training.

2.5 Template Score Map Update

Template score map is regarded as ground-truth in online training. While tracking, it will be updated by score
map with high tracking confidence to follow the appearance variation of targets.

Rnew
t = (1− α)Rt + αRc (10)

where α is updating rate. It can be calculated by:

α =
JCPP − Tc

1− Tc
(11)

From Eq. 11 we can see:

– If JCPP = 1, Rt will be replaced by Rc;
– if Tc < JCPP < 1, Rnew

t is weighted combination of Rt and Rc;
– if JCPP < T , Rt will not be updated.

3 Experiments

3.1 Set up

Backstone We use pre-trained AlexNet, VGGNet-19, Inception-v3 and ResNet-34 from torchvision 0.2.0. We
remove fully connection layers and utilize convolutional layers to construct SiamFC network. Given that object
tracking requires higher resolution feature map, we adjust these networks:

– Alexnet: we adjust the stride of first conv-layer to 2 and remove the last pooling layer;
– VGGNet-19: we remove the forth max-pooling layer and the fifth conv-block;
– Inception-v3: we remove the inception 6;
– ResNet-34: we adjust the stride of forth conv-block to 1 and remove the fifth conv-block.

Implementary details Our experiments are implemented on NVIDIA GTX TITAN X using PyTorch 0.3.0.
In online training phase, we use SGD optimizer with momentum 0.9 and conduct 4 iterations for once training.
Exemplar image and search image are resized to 127 ∗ 127 and 255 ∗ 255 respectively. λ is 0.5. Threshold Tl, Tc
are 1 and 0.7 respectively.
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Fig. 4. Qualitative results. Yellow: Alexnet, blue: VGGNet-19, green: ResNet-34, red: Inception-v3. Solid and dash line
denote SiamFC with and without online training respectively. From top to bottom: MotorRolling, Football, Basketball
and Bolt.

3.2 Benchmark

We use OTB2013 [18] to evaluated our proposed online training framework. In OTB2013, there are 50 videos,
51 objects with 11 attributes such as: Illumination Variation, Deformation, In Plane Rotation.

There are two metrics in OTB2013: success plot and precision plot. Success plot is ratio of Overlap Ratio
(OR) greater than threshold from 0 to 1 and precision plot is ratio of Center Location Error (CLE) smaller than
threshold from 0 to 50. Generally, the Area Under Curve (AUC) of success plot is success score and precision
under 20 pixels is precision scores.

3.3 Quantitative Results

Overall performance Fig. 2 shows overall performance of evaluated trackers. We can see that all SiamFC
trackers with online training method outperform baselines both in success plot and precision plot. It promotes
11.1% success score and 13.1% precision score for Inception-v3. It also promotes 4.3%, 3.0%, 7.5% success scores
and 4.1%, 4.5%, 9.7% precision scores for VGGNet-19, ResNet-34 and AlexNet.

Attribute-based performance We also demonstrate attribute-based performance on illumination variation,
deformation, out-of-plane rotation and in-plane rotation in Fig. 3. Trackers with online training can learn
variation of targets during tracking. Therefore, they achieve higher scores on these sequences than baselines
who only keep ground-truth in first frame as target template.

3.4 Qualitative Results

We show qualitative results in Fig. 4. SiamFC trackers can locate more targets with online training. In sequence
MotorRolling and Basketball, SiamFC tracker using AlexNet lose targets while it tracks successfully equipped
with online training method. In sequence MotorRolling and Football, online training method avoid Inception-v3
misled by background or other objects. Also in sequence Bolt, ResNet-34 and VGGNet-19 keep tracking Bolt
benefitting from online training.

3.5 Speed Analysis

Table 3.5 present FPS of each evaluated tracker. The more parameters the backstone contains, the smaller the
FPS is. The online training method will slow down tracking speed slightly. However, SiamFC tracker with online
training can also achieve real-time (greater than 25 FPS) tracking easily.
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Table 1. FPS of evaluated trackers.

Without Online Training With Online Training
Tracker FPS Real time FPS Real time
Alexnet 121 True 103 True

Inception-v3 100 True 84 True
ResNet-34 93 True 81 True
VGGNet-19 67 True 59 True

4 Conclusion

In this paper, we propose an efficient online training method for SiamFC network. It can be fine-tuned with
loss function between current score map and template score map in case of high tracking confidence. We also
update template score map via tracking confidence. Experimental results demonstrate SiamFC trackers with
proposed online training method outperform baseline and achieve real-time.
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Abstract. In this paper, we focus on the challenge of characters synthesis problem: synthesizing highly-stylized 
characters based on just observing very few examples. We treat this problem as image translation problem and propose 
a cascaded stack network which consists of two stages: first synthesize kinds of rough target characters based on 
observed characters; then input the rough characters as a stack to synthesize the final decorated target character. (e.g., 
synthesize rough “A” from other characters and then input these rough “A” as a stack to synthesize the final stylized 
“A”). Additionally, we establish a large-scale dataset that contains various styles of characters. We evaluate the 
proposed method as well as other style transfer methods on our collected dataset and a public dataset. The extensive 
results and quantitative evaluation demonstrate the effective of our method. 

Keywords: Character synthesis·Image translation·Auto-encoder·Deep neural network·Stack network 

1 Introduction  

In recent years, neural style transfer (e.g., semantic style transfer [1], fashion style transfer [2], video style transfer [3] 
and character style transfer [4]) has drawn increasingly attention in computer vision field. Among them, character style 
transfer tends to attract attention for its great practical application. For example, taking a poster or a business card into 
consideration that professional artists invest hours of time designing the characters to decorate the poster or business card 
(shown in Fig. 1). Is there an effective way to synthesize the target characters? Could non-professionals synthesize their 
desired characters in a simple way? In this paper, we will explore an efficient method for the problem of characters 
synthesis.   

Previous research on characters synthesis can be classified into two categories: tradition methods which are based on 
statistics [5, 6] and contemporary methods which are based on deep learning [7, 8, 9]. The former generate new characters 
by re-sampling pixels or stylized patches from original characters, and then estimating the correlation between original 
and target characters on pixels or patches to assemble the target characters.  These methods are faster but perform poorly 
on effects. The second kinds of methods synthesize characters based on deep neural network, which could learn the 
mapping between observed and target characters automatically. Such methods could get superiority results and can deal 
with multiple styles. 

In this paper, we propose a novel neural style transfer network to synthesize characters through two parts. The first 
part is an auto-encoder based model acting as a rough characters synthesis network. This part encodes the observed 
characters to character feature representation and then decodes the feature representation to rough results. The auto-
encoder is an effective network which could extract useful texture and content representation of input images [10]. Taking 
the difference between source and target characters into consideration, the first network usually synthesize characters that 
contains missing strokes and uneven color. It is a one-to-one mapping network that forcing a certain target character to 
learn parts of styles from the given character. The similarity between characters effects the synthesize results to a great 
extent. For better utilizing the partial well synthesized style from different characters, we develop an additional auto-
encoder network named as a stack network, which takes the generated characters of first part as input to synthesize the 
final highly-stylized results. Finally, we train the two parts with L1 loss and adversarial loss to synthesize target characters. 

In summary, our contributions are fourfold: 
• We propose a cascaded stack network which can synthesize highly-stylized characters. Compared with other character 

style transfer methods, our approach can produce stable and real-look results for multiple character style transfer;  
• Our proposed model could synthesize high-quality character results based on observing very few samples. 

Effectiveness experiments have shown that only 5 observed samples could generate satisfactory results;  
• A new quantitative evaluation on character style transfer algorithm is proposed by calculating style error and content 

error, which will effectively measure the deviation between source images and target images on style and content; 
• We establish a large-scale dataset for characters synthesis, which includes 30K character images. In order to increase 

the diversity of our collected dataset, we expand our basic font by adding color and texture to produce this large-scale 
dataset. 

 
 Corresponding author 
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(a)                                                                         (b) 

Fig. 1. Illustration of the character synthesis task. Given a poster with slogan “YES YOU CAN” ( (a) left ). Synthesizing the target 
slogan “JUST DO IT” ( (a) right ) based on the observed slogan. Given a business card with name “Peter Wk” ( (b)  left ). Synthesizing 
the target name “Jush Goa” ((b)  right ) based on the observed name. 

2  Related work  

2.1  Image style transfer  

Gatys et al. [11] firstly successfully applied CNNs to image style transfer. They proposed image representation (i.e., 
content representation and style representation) for neural style transfer. Since then, they opened a new filed named Neural 
Style Transfer (NSF) [12]. But they also remains a mystery. How to extract exact feature lays from VGG19 [13] and why 
Gram matrices of neural activations could represent style remains unclear. Later, Li et al. [14] theoretically proved that 
calculating the Gram matrices is equivalent to minimize a specific Maximum Mean Discrepancy (MMD) [15]. Ulyanov 
et al. [16] employed a feed-forward networks for synthesis of textures and stylized images, their proposed networks are 
remarkably light-weight and can generate quality result with hundreds of times faster. For arbitrary style transfer, Gu et 
al. [17] introduced a method by reshuffling deep feature which can preserve globally similar style images and avoid wash-
out artifacts. 

2.2       Generative Adversarial Networks  

Goodfellow et al. [18] firstly proposed Generative Adversarial Networks (GAN) for image generation, which catches 
attention in both academia and industry. Their proposed networks are divided into a generator and discriminator. The 
generator versus a discriminator and the discriminator tries to distinguish the real or fake images. Since then, GAN has 
attracted rapid development and several fundamental GAN models have been proposed. Such as cGAN [19], DCGAN 
[20], WGAN [21]. Isola et al. [22] employed a cGAN for paired data style transfer and achieved satisfactory results in 
variety scenarios. However paired data are hard to collect. To solve this problem, Liu et al. [23] proposed CoGAN to 
learn joint distribution for unsupervised image synthesis problem. Recently, Zhu et al. [24] employed CycleGAN for 
unpaired training which can learn the mapping between different domains without paired input images. 

2.3       Character Style Transfer  

The goal of character style transfer is to synthesize target fonts and style with several observed referenced images. For 
traditional methods, Xu et al. [25] proposed a method based on shape modeling to automatically generate novel artistically 
calligraphy characters and Lian et al. [26] proposed stroke extraction algorithm for large scale handwriting font synthesis. 
More recently, Yang et al. [5] modeled the distance-based essential characteristics of high-quality text effects and lever-
aged them to guide the synthesis process. For neural network method, Atarsaikhan et al. [27] directly applied [11] to font 
style transfer and achieved remarkable results. Upchurch et al. [28] adopted a supervised method and assigned each char-
acter a one-hot label to solve single-image analogies. A recent work [9] employed cGANs for highly-stylized character 
synthesis. The glyph network is designed for shape prediction and the ornamentation network is designed for color and 
texture prediction. 

3  Proposed method 

In this section, we describe the proposed model in details. As is shown in Fig. 2, our model consists of two cascaded parts 
which have similar network architecture but with different inputs. We named them as auto-encoder network and stack 
network respectively. The first part can transfer a handful of observed characters to rough results through one to one 
mapping. The generated rough results are stacked and input to the second stack network to synthesize the final target. 

3.1       Auto-encoder Network  

The auto-encoder network consists of an encoder and a decoder, where the encoder contains a series of  Convolution - 
BatchNorm-LeakyRuLUs [29] which take a handful of observed characters as input and then produce  a latent feature 
representation. The decoder contains a series of Deconvolution – BatchNorm – LeakyRuLUs [29]  which take the feature  
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Fig. 2. The architecture of our proposed model. The left part is our auto-encoder network, which can synthesis rough results. The right 
part is our stack network, and this part can extract the features of rough results which is put as stack and synthesize stylized target. 
 
representation  as input and  finally produce the rough results. The first convolution layer contains 7 7  kernel size and 
2 2  stride and the rest convolution layers contain 5 5  kernel and 2 2  stride. Respectively the first deconvolution layer 
contains 7 7  kernel size and 2 2  stride and the rest convolution layers contain 5 5  kernel size and 2 2  stride. All Re-
LUs are leaky with slope 0.2. 

The input to auto-encoder are a handful of observed character images set  consists of  k referenced images with same 
style but different contents 

                                                                                   퐶 = {퐼 , 퐼 , … , 퐼 }                                                                          (1) 

3.2  Stack Network  

Although the one-to-one mapping auto-encoder network can generate the synthesized target, the stroke information may 
be lost due to the dissimilarity between the referenced and target characters. Considering these rough results share almost 
same content and style. We design a novel stack network which shares the similar network architecture but takes a stack 
with multiple generated rough results as input. With the stack network, correlations between rough target images are 
learnt by channel concatenation. The input to the stack network are rough results which are concatenated as a stack and 
the vacant characters are valued as zero. The channel is c, where c is the channel of observed image.         

The sort of channel concatenation follows the order of alphabet. For unobserved characters, the channel will take zero 
to replace. As shown in Fig. 2, the upper part stacks the rough results generated from “B”, “H”, “Q”, “S”, “W”, which 
are represented in green. And the rest unobserved characters will be showed in grey. This stack network can increase the 
robustness of proposed method and flexibility of observed characters input. 

                                                                                  푆 = {퐼 , 퐼 , 퐼 , … , 퐼 }                                                                   (2) 

The encoder and decoder of proposed stack network are similar with the auto-encoder part which composed by a 
series of Convolution-BatchNorm-LeakyRuLUs and Deconvolution– BatchNorm-LeakyRuLUs. The input  channel of 
stack network is 26 c , so the channels of feature representation are changed to 128, 256, 256, 512 and 512. 

3.3  Loss Function  

Illustrated in Fig. 2, given a handful of observed characters (e.g., “B”, “H”, “Q”, “S”, “W”). The goal is to generate the 
rest characters in alphabet (e.g., “A”, “C”, “D”, “E”, “F”, “G”, “I”, “J”, “K”, “L”, “M”, “N”, “O”, “P”, “R”, “T”, “U”, 
“V”, “X”, “Y”, “Z”). 

For the auto-encoder network, given the training sample(x, y) where x represent the observed characters and y repre-
sent the target characters. Let 1A  (·) be the auto-encoder network. We use  pixel-wise  L1  loss rather than L2 as L1 loss 
tends to get sharper and cleaner images. We define the loss function as followed: 

                                                                    퐿 = 퐸 , ~ ( , )[||푦 − 퐴 (푥)|| ]                                                      (3)                            

Additionally, since adversarial loss tents to make the output look real. In our work, we let the auto-encoder network 
as the image generator and define D(·) as the discriminator. So we define the adversarial loss as: 

                                      퐿 = 퐸 , ~ ( , )[푙표푔퐷(푥, 푦)] + 퐸 ~ ( )[log (1 − 퐷(푥, 퐴 (푥)))]                         (4) 

For the stack network, we take k rough results as the input and put them as a stack y . The rest characters in alphabet are 
set to zero. Let 2A  (·) be the stack network We use L1 loss and define the loss function as followed: 

                                                                           퐿 = 퐸 , ~ ( )[||푦 − 퐴 (푦 )|| ]                                             (5) 
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Fig. 3.The flowchart of calculating style error and content error. 푎⃗ and  푝⃗ are generated images and  푥⃗ is ground truth images respec-
tively. 퐿  are calculated to give the style error (left) and 퐿  are calculated to give the content error (right). 

 
We also employ the adversarial loss to the stack network as: 

                                                           퐿 = 퐸 , ~ ( , )[푙표푔퐷(푥, 푦)] + 퐸 ~ ( )[log (1 − 퐷(푥, 퐴 (푥)))]                       (6) 

 

3.4  Calculate Style Error And Content Error  

Gatys et al. [11] applied a deep CNNs, such as VGG19 to image style transfer. They proposed deep image representation 
(i.e., style representation and content representation) for style transfer.  VGG19 is pre-trained for neural scene object 
recognition. We use it for calculating the style error and content error as shown in Fig.3. Firstly, the synthesized images   
and ground truth images run through VGG19. Style representation on layers “conv1_1”, “conv2_1”, “conv3_1”, 
“conv4_1”, “conv5_1” are calculated by Gram matrix l lN NlG R  ,where ijG  is the inner product between feature  maps i  
and j in layer l: 

                                                                              퐺 = ∑ 퐹 퐹                                                                            (7) 

Then calculating the total style error as below definition: 

                                                                        퐸 = ∑ (퐺 − 퐴 )                                                                       (8) 

Where lA  and lG  represent their style representation in layer l .  lN and  lM represent the filters has lN feature maps with 
size lM . 
Lastly, the total style error with weighting factors is defined as bellow: 

                                                                              퐿 (푎⃗, 푥⃗) = ∑ 푤 퐸                                                                  (9) 

Similarly, content error on layers “conv4_2” is calculated as below definition: 

                                                                              퐿 (푝⃗, 푥⃗, 푙) = ∑ (퐹 − 푃 )                                                         (10)  

Where  and represent the content representation of generated images and ground truth images in layer l. 

4  Experiments 

In this section, we evaluate the proposed network for characters synthesis. We firstly apply two datasets to validate our 
proposed model. Then we compare the proposed method with other character style transfer methods. 

4.1  Dataset 

lF lP
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(c) 

Fig. 4. (a) Some character images from MC-dataset grey font, which has 10K latin fonts. (b) Applying random color gradients on grey 
font, resulting 20K character images. (c) Our collected dataset which contains 30K character images. 

 
Azadi et al. [4] collected a dataset including 10K gray-scale Latin fonts which are 64×64 pixels. A few exemplar fonts from 
this large datasets are depicted in Fig. 4. (a). To extent the dataset, they applied random color and gradients outlining on 
Latin font, resulting in a 20K dataset which is partly shown in Fig. 4. (b).  We name this dataset as MC-dataset in this paper.  

Additionally, we introduce a dataset with 30K images which has about 600 fonts. Each font contains 50 colors and 
textures that are depicted partly in Fig. 4. (c). We name it as collected dataset. All character images are reshaped to 64×64 
pixels. In MC-dataset and our collected dataset, 80% of the images are used for training and the rest for test. 

4.2 Experimental Results 

Rough results of auto-encoder network. As shown in Fig. 5(a)-(b), we evaluate the network not only on grey dataset but 
also on colorful dataset. For each kind of dataset, three group samples are displayed. We try to use “B-Z” (i.e., the rest 
character in alphabet except “A”) as input images to synthesize “A”. Comparing with ground truth images, it is obvious 
that the rough results are not satisfied with stroke and texture information lost. But through in-depth analysis, we can 
observe that the rough results of  “I”, “L”, “M” and “R”  are better than the rough results of  “J”,”O”, “U” which indicates 
the potential correspondence between analogous characters will contribute more in the synthesis process. It proves the 
correlations between analogous characters can be learnt. 
Stylized results of proposed stack network. The results of the auto-encoder network indicate the correlations between 
analogous characters. So we employ a stack network to refine our  rough  results.  As shown  in  Fig. 6 ,  We  take the 
rough outputs  as a stack input (i.e., the stack inputs have shape w×h×(c×26),where w, h represent the width and height 
of character image,  c  represents  the  channel  of  image.  As for colorful images, c is valued as 3. For grey images, c is 
valued as 1 ). We use k to represent different number of observed characters. In practice k=25, 10, 5 have tried. All results 
with different k have illustrated in Fig. 6. We can see the superior results are obtained by the proposed stack network.  

4.3 Comparison With Other Style Transfer Methods 

1) MC-GAN [4]: MC-GAN is proposed for Latin characters style transfer. To achieve the task for few examples 
image transfer task, they propose two cGAN models where the first model pays attention on glyph synthesis and the other 
focuses on ornamentation synthesis. The total networks are optimized with L1 loss and adversarial loss. 

2) Patch-based [5]: Patch-based synthesis method is proposed for decorated texts transfer. It aims to convert the high 
correlation between the sub-effects patterns and relative spatial distribution for text effects generation. Since it is designed 
only for characters synthesis on clean glyph. Similar to [4], we use the results of [4] pre-trained Glyph Net as input 
characters to ensure the fair comparison. 

Qualitative evaluation. We train the proposed model and other character style transfer methods as above mentioned. 
The results are shown in Fig. 7. Given a very few examples, the proposed method can achieve better results. We can 
observe that our method perform better than MC-GAN and Patch-based  especially for style and content transfer. This 
benefits from our novel stack design. Correlations between rough target images are learnt which will do much contribution 
on the synthesis process of final target characters. The MC-GAN model achieves better result than the patch- based 
method because of the powerful glyph network which has been trained on nearly 7k font images. Patch-based method 
perform poorly mainly due to the limited of their dependency on patch matching algorithm which fails to capture the 
frequency of stylistic elements .  
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(a) 

 
(b) 

Fig. 5. The rough results of auto-encoder network. (a) Results of MC-dataset colorful fonts. (b) Results of our colorful dataset. For 
each three rows, the upper are the inputs of our model, the middle are rough outputs and the lower are ground truth respectively. 

 
(a) 

 
(b) 

Fig. 6. Results of proposed end-to-end network. From top to bottom are O1: k=25, O2: k=10, O3: k=5. Ground truth are shown in the 
1st column and the generated characters are given in the 2nd column respectively. The rest columns are the inputs which are marked 
in the red rectangle box. 

 

Quantitative evaluation. We calculate the style and content error as the suggestion of “Calculate Style Error And Content 
Error” in section 3.  We also calculate SSIM as the suggestion of [30].The results of random samples of 26 characters are 
displayed at the last three columns in Fig. 7. The best performance is shown in bold. As we can see, the propose method 
can achieve lower style and content error for most samples. Specifically, the higher SSIM are obtained by our method for  
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Fig. 7. The comparison result to generate characters from A to Z. Ground truth are shown in the 1st rows and observed characters are 
depicted in red squares. The 2nd rows are the predictions of MC-GAN [4]. The 3rd rows show the  Patch-based synthesis method [5]. 
The last rows is the results of our method. 

 

the correlations between rough target images. We come to a conclusion that our method achieve the lower style/content 
error and higher SSIM. 

4.4 Discussions 
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The number of observed characters. We use random dataset from the two datasets and generate character “A” from the 
observation of k characters. In practice we have try k=25 (i.e., rough results generated by B-Z), k=10 (i.e., rough results 
generated B-K) and k=5 (i.e., rough results generated “B”, “H”, “Q”, “S”, “W”) to synthesize our final target character. 
As shown in Fig. 6, the more observed rough results usually get better final result. But our experimental results indicate 
that we can achieve satisfactory result when we get very few examples (e.g., k=5). 

5  Conclusion and future work 

In this paper, we proposed a neural style transfer network for characters synthesis which consists of two parts: auto-encoder 
network and stack network. The first part contributes in rough results synthesis with real-like glyph but with texture and 
color lost. The second network focuses on the task of final characters synthesis. The improvement of this part is that we 
take a stack as our input. The stack contains the rough results and the rest characters in the alphabet are valued as zero. 
With this novel stack design, we can synthesize satisfactory results compared with other character style transfer methods. 

In the future, we will pay more attention on the fancy characters synthesis which performs far from satisfied in exist 
methods.  
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Abstract. With the wide use of beauty camera, the makeup transfer for old photo has a certain application
value. In this paper, we propose a new makeup transfer model considering a specific scene that is blurry target
image. We use SRWGAN-GP to reconstruct the blurred target image to make it clear and then create face
makeup upon it with example image as makeup style. And we take the beauty in Baidu AI as the evaluation
standard of makeup. Experimental results demonstrate the effectiveness of our method, and it greatly improves
the beauty of the blurry target image. What’s more, our method has certain application value, it provides an
effective way to transfer makeup for old photo, and the result image is very clear, which is more valuable for
users than the blurred photo using original makeup transfer method.

Keywords: makeup transfer · single image super-resolution · generative adversarial network.

1 Introduction

Makeup makes all the difference when it comes to beauty, it not only making people more attractive, but also affects
judgements of competence and trustworthiness. There are two methods can provide a makeup preview effect, one
is apply makeup directly on the face, however, this method is time-consuming and the maker needs enough skill,
another way is try on makeup with the help of photo editing software, such as Adobe Photoshop, but using such
software relies heavily on the user’s expertise. In this case, it is very convenient and practical for users to translate
the makeup style from a given example image to another non-makeup image while preserving face information.

The research about makeup transfer is quite limited. The earliest work in this field was put forward by Tong et
al. [1] based on image technology, their method needs image pairs of model before and after makeup as reference,
extracts makeup style from image pairs and transfer this makeup effect to target image. However, it is difficult to
obtain the before and after makeup sample in most case. Different from the above method, Guo et al. [2] only need
an example image as reference, they decompose the target image and the example image into three layers, and
transfer the makeup information from each layer of the example image to the related layer of the target image. And
our work is based on Guo’s method. Li et al. [3] proposed to simulate makeup by controlling the inherent image layer
of photos based on the adaptability of physical reflection model. Scherbaum et al. [4] proposed a virtual makeup
recommendation system based on 3D variable face model, and this system still needs image pairs with before and
after makeup. Liu et al. [5] developed a fully automatic system for hairstyle and facial makeup recommendation
and synthesis. Ren et al. [6] proposed an adaptive makeup transfer based on the bat algorithm to solve the problem
that only a single makeup effect can be transferred. The above makeup transfer work is based on the graphic image
method. With the development of deep learning [7], some researchers implemented makeup transfer using the deep
learning method. Gatys et al. [8] introduced an artificial system based on a Deep Neural Network that creates
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artistic images of high perceptual quality. Liu et al. [9] designed an end to end Deep Localized Makeup Transfer
Network to automatically transfer the makeup style of example image to the target image. Li et al. [10] proposed
a method called BeautyGAN which is an instance-level facial makeup transfer with deep generative adversarial
network. However, existing research all focused on how to make the effect of makeup transfer more natural, without
considering a specific situation: the target image is blurred, which also affects the effect of makeup transfer.

Single image super-resolution (SISR) aims at recovering a high-resolution (HR) image from a single low-resolution
(LR) one, and it well solves the problem that the makeup transfer effect caused by blurry target image is poor.
Recently, researchers focus on deep neural network approaches to solve the SR problem. SRCNN [11] is a pioneering
approach to image super-resolution using deep learning model, and this method directly learns an end-to-end
mapping between the low/high-resolution images. Ledig et al. [12] applied GAN in SISR problem, and puts forward
a framework capable of inferring photo-realistic natural images for 4× upscaling factors. Yu et al. [13] resigned
the SRGAN based on WGAN-GP, and using VGG16 network for feature extraction. Wang et al. [14] proposed
an enhanced SRGAN to address the problem that the hallucinated details in SRGAN are often accompanied with
unpleasant artifacts, and they improved the network architecture, adversarial loss and perceptual loss for enhance
the visual quality.

Consider this scenario: as an input image in the makeup transfer method, the target image is blurred, such as
old photos. It is very practical for users if there is a new makeup transfer method which can create face makeup for
the blurry image by using example image as the makeup style.

Different from the existing makeup transfer work, we propose a new makeup transfer model considering the
target image is blurred. In our method, the blurry image is reconstructed using a single image super-resolution
method, and then create the makeup for the target image after super-resolution reconstruction. In addition, we
take the beauty in Baidu AI as the evaluation standard of makeup. Experimental results show that the beauty of
the target image was greatly improved by our method. What’s more, our method is very practical, it provides an
effective way to transfer makeup for blurry photos, and the result image is very clear, which is more valuable for
users than the blurred photo using original makeup transfer method.

2 Method

Fig. 1: The workflow of our method. W denotes warping. ∇ denotes gradient editing. + denotes weighted addition.
α denotes alpha blending.

The input of our method is two images, one is blurry target image I, a face image to be applied with makeup,
and another is example image E, an image providing makeup style. The output is result image R, which retaining
face structure of I and applying the makeup style of E.

The workflow of our method is shown in Fig. 1. There is two main steps. First, blurry target image should be
reconstructed using the SRWGAN-GP [13] method to obtain a clear target image, specifically referring to section
2.1. Because the information is transferred pixel by pixel, super-resolution of blurry target image is necessary before

60 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 2



A New Makeup Transfer with Super-resolution 3

makeup transfer. Followed is makeup transfer, we transferred the makeup style of example image to clear target
image. Face alignment should be done between target image and example image. We decomposed the two images
into three layers: face structure layer, skin detail layer and color layer, and transferred the information from each
layer of the example image to the target image. The face structure layer and color layer adopted gradient editing
and alpha blending for makeup transfer, respectively. And skin detail transfer is straightforward. Finally, three
resultant layers are composed together.

The researchers of makeup transfer usually adopt qualitative analysis to evaluate the makeup effect, and it is
subjective. We introduce a quantifiable evaluation standard for makeup, namely beauty in Baidu AI. Based on
professional deep learning algorithms and massive data training, Baidu AI ranks the world’s leading in the most
authoritative public evaluation competition. It can quickly detect faces and return facial attributes, including beauty.
And the beauty can score the level of appearance, ranging from 0 to 100, with the larger the more beautiful [15].

2.1 SRWGAN-GP

We use SRWGAN-GP [13] network to solve the problem of super-resolution of target image. The architecture of the
SRWGAN-GP can be referred by Fig. 2 and Fig. 3. The low resolution image ILR as the input image, and then the
super-resolution image ISR is generated by generative model. VGG16 is used to extract features of ISR and IHR

(original high resolution image). In Generator Network, the model adopts the residual convolution neural network
to accelerate convergence speed. For each convolution neural module, two convolution layers, two dimensional
reduction layers and two activating layers are used. The Generator Network adopts periodic shuffle for sub-pixel
and generate the ISR according to the preceding feature map. In Discriminator Network, we use Leaky-ReLU as
activation function, which is defined as follows:

Fig. 2: The architecture of the SRWGAN-GP

yi =

{
xi if xi ≥ 0
xi

ai
if xi < 0

ai ∈ (1,+∞) (1)

In equation (1), xi are the input values, and yi are the output values, ai represents the fixed value in interval.
The loss function lloss is divided into generator’s loss function lG and discriminator’s loss function lD. The

functions define lG by lMSE between the ISR and IHR , as while as the lGen produced by discriminator.

lloss = lG + lD (2)

lG = lMSE + 10−6lGen (3)
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Fig. 3: The architecture of the Generator Network and Discriminator Network
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lGen = −DθD (ϕ(I
SR)) (6)

In the equation above, the precede item refers to the difference of score from discriminator between ϕ
(
ISR

)
and

ϕ
(
IHR

)
. When minimize the lD, the DθD

(
ϕ
(
ISR

))
should be larger, and the ϕ (X) should be smaller. The ϕ (X)

means the feature extracted by VGG16.

2.2 Makeup Transfer

In this section, we will introduce makeup transfer from six aspects: face alignment, layer decomposition, skin detail
transfer, color transfer, highlight and shading transfer, lip transfer.

Because the information is transferred pixel by pixel, face alignment should be done. We adopt the method of
Active Shape Model (ASM) [16] to obtain facial landmarks, and there are 79 points on a face is shown in Fig.
4(b). Then we use the Thin Plate Spline (TPS) [17] to warp the example image E to target mage I, described in
Fig. 4(a). Fig. 4(c) shows the facial components defined by the facial landmarks in Fig. 4(b). Fig. 4(d) is the mask
obtained from Fig. 4(c), and the white areas are eyes, nose and mouth, which remain unchanged during the process
of makeup transfer since they contain the face characteristic information of target image.

We decompose example image E after warping and target image I into lightness layer and color layer by
converting two images to CIELAB [18] colorspace. By converting example image E after warping and target image
I into the CIELAB colorspace, two images are decomposed [19] into brightness layer and color layer, and the a∗, b∗
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(a) (b) (c) (d)

Fig. 4: Face alignment. (a) Warping the example image to target image, W denotes warping (b) Facial landmarks
on target image (c) Facial components defined by facial landmarks (d) The white area is kept untouched during
makeup transfer.

channel are color layer, channel L∗ is lightness layer. We further decompose the brightness layer into face structure
layer and skin detail layer. We minimize the energy function En to get s:

En = |s− l|2 + λH(∇s,∇l). (7)
In formula (7), s and l stand for structure layer and lightness layer, respectively. λ is a constant value to balance
two terms. H(∇s,∇l) as follows:

H(∇s,∇l) =
∑
p

β(p)(
|sx(p)|2

|lx(p)|α + ε
+

|sy(p)|2

|ly(p)|α + ε
). (8)

β(p) = min
q

(1− k(q) · e−
(q−p)2

2σ2 ). (9)

σ2 =
min (height, width)

25
. (10)

To prevent division by 0, we set a very small constant ε. p is the image pixel. {·}x and {·}y are {·} the partial
derivative of along the x and y coordinates, α is the coefficient. α=1.2 and λ=0.2 in this paper. q indexes the pixel
over the image. k(q) is 0.7 for eyebrows, 0 for skin area, and 1 for other facial components. We get the skin detail
layer d by following the formula:

d(p) = l(p)− s(p). (11)
{·}s, {·}d, {·}cis {·}′ s the face structure layer, skin detail layer and color layer in this paper. Skin detail transfer is
straightforward, and the resultant skin detail layer Rd is given by the following formula:

Rd = δIId + δEEd. (12)
where 0 ≤ δI , δE ≤ 1, δI and δE are the weight value. We set δI = 1 and δE = 0 to retain the skin detail of the
target image in our paper.

The color layer is transferred by the method of alpha-blending:

Rc(p) =

{
(1− r)Ic(p) + rEc(p) otherwise

Ic(p) p ∈ C1
. (13)
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The resultant color layer is Rc, and r is weight value. We use r=0.8 in our experiment. C1 is the white area in Fig.
4 (d).

Highlight and shading transfer adopts the way of gradient-based editing:

∇Rs(p) =

{
∇Es(p) β(p) ∥∇Es(p)∥ > ∥∇Is(p)∥
∇Is(p) otherwise

. (14)

For lip transfer, we fill each pixel of R with pixel value from E guided by I :

M(p) = E(q̃). (15)
q̃ = arg max

q∈C2

{G(|q − p|)G(|E(q)− I(p)|)} . (16)

where M is the lip region after makeup transfer. G(.) denotes Gaussian function, C2 is lip region.
Finally, three resultant layers are composed together.

3 Experiments and Results

In this section, we carried out two experiments. One is to select the method of super-resolution, the other is to
verify the effectiveness of our method. The detail experiments are shown in section 3.1 and 3.2, respectively.

3.1 The Comparison of Different Super-resolution Methods

In order to achieve better super-resolution effect, we used several neural networks and tested their performance.
Then we used metrics to show the performance of the neural network. Two indicators are usually adopted to evaluate
picture quality, SSIM(structural similarity index) and PSNR(Peak Signal to Noise Ratio). PSNR is usually used
to evaluate the quality between the original image and the compressed image. The score of PSNR is not exactly
the same as the visual quality of human eyes, and it is possible that the higher PSNR looks worse than the lower
PSNR. SSIM is the realization of structural similarity theory. The SSIM can better show the difference seen by the
human eye, so this metric is more suitable for evaluating the images in our makeup transfer method. The results of
the different super-resolution neural network are shown in Table 1.

(a) (b)

Fig. 5: Face makeup. (a) A blurry target image; (b) Example image for makeup transfer.

In this experiment, we used four super-resolution methods, SRWGAN-GP, ResNetSR, Distilled ResNetSR and
ESRGAN, and tested them performance. The blurred image as an input of the super-resolution neural network,
and the super-resolution image can be got after the computation. The input images of these neural networks are the
same, shown in Fig. 5(a), and the output image are shown in the Table 1. For human visual effects, the SRWGAN-
GP’s output image is the clearest and others are worse than it, and we can also get the same result by using the
SSIM matric.
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Table 1: The comparison of different super-resolution methods.
Method SRWGAN-

GP
ResNetSR Distilled

ResNetSR
ESRGAN

SR_Image

SSIM 0.82088 0.79403 0.79364 0.80822

In our method, the clearer the input picture is, the more accurate the landmarks are, and the better the effect
will be in the process of makeup transfer. Obviously, the SRWGAN-GP is more suitable in our method. We retrained
the SRWGAN-GP network on the preprocessed Flickr-Faces-HQ Dataset, and all of the down-sampling factors were
set to 4. We use Adam optimizer for training, and the initial learning rate is 0.0001, the beta1 is 0.9, and the beta2
is 0.99. And the network structure has achieved good results in the 4-fold super-resolution task.

3.2 The Improvement of Makeup Transfer by Super-resolution Method

In this part, we use the same example image for makeup transfer, shown in Fig. 5(b). And we used five different
nomakeup blurred images as the input of our method, a, b, c, d and e in Table 2(LR_image). We used the beauty of
Baidu AI to score the images, including the non-makeup blurred image(LR_image), non-makeup super-resolution
image(SR_image), makeup blurred images(LR_image with makeup) and makeup super-resolution image(SR_image
with makeup). The experimental result is shown in Table 2.

Fig. 6: The improvement of makeup transfer by super-resolution method.

In Table 2, the beauty of SR_image are higher than the beauty of LR_image, it can be seen that the super-
resolution can improve the beauty of LR_image. The beauty of LR_image with makeup is also higher than the
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Table 2: The improvement of makeup transfer by super-resolution method.
LR_image

a b c d e

Method

LR_image_beauty 44.55 38.19 53.09 48.85 51.8

SR_image

SR_image_beauty 44.65 43.57 58.65 49.15 53.49

LR_image
with makeup

LR_image_beauty
with makeup 50.04 44.36 59.85 55.19 54.5

SR_image
with makeup

SR_image_beauty
with makeup 51.28 49.99 62.18 55.86 55.73
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LR_image, so the makeup transfer can improve one’s appearance level. As for the image with makeup, the beauty
of SR_image with makeup is significantly better than the LR_image with makeup. In Fig. 6, we can see it clearly
that the SR_image with makeup has the best beauty. Our method can effectively deal with the problem of makeup
transfer in the situation of blurry target image.

4 Conclusions

In this paper, we propose a new makeup transfer model that considering the target image is blurry. We first use
SRWGAN-GP to reconstruct the fuzzy target image, and then transfer the makeup style of the example image to
the target image after super-resolution. And we use beauty in Baidu AI to evaluate the appearance level before
and after the makeup transfer. This method effectively solves the problem that the target image is not clear, which
provides a new idea for the old photo to apply work of makeup transfer. The limitation of our work is that we did
not consider the optimization of the makeup transfer process. One future work is to extend this aspect.
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Nuclear Norm Minimization in Frequency Domain for Complex
Noise
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Abstract. Recovery of minimum rank matrices is important in many real world applications and has been
attracting significant research interest in recent years. Traditional methods for low-rank matrix recovery
are efficient for the simple type of noise, however noise in real-world data is much more complex than
considered so far. As a result, methods based on spatial data representation are insufficient. In this paper,
we present weighted nuclear norm for matrix recovery in frequency domain based on the effect of noise
in the image. Experimental results clearly show that the weighted minimization in the frequency domain
outperforms many state-of-the-art de-noising algorithms in terms of both quantitative measure and visual
perception quality.

Keywords: Matrix recovery · Low rank · Frequency domain · Nuclear norm · NNM · De-nosing

1 Introduction

Low-rank matrix approximation and completion are prevalent tasks in machine learning. Given observed noisy
matrices X

′

1, X
′

2, ..., X
′

n, the aim of matrix recovery is to construct a matrix Y ′ that is the approximation of
matrix X at its unobserved entries. However, there are infinite number of matrices that perfectly agree with
the observed entries of matrix X.Thus, selection of recovered matrix Y is under-specified without additional
assumptions i.e. matrix X is low-rank that suggests the assumption of X ′ to be low-rank. Formally, it can be
represented as: approximation of matrix X ∈ Rn1×n2 by rank matrix X ′ = UV T . Low-rank matrix approxi-
mation can be formulated as the joint low-rank and sparse matrix minimization problem. In earlier work, the
matrix recovery is always assumed to be smooth or sparse under some prior knowledge, such as the gradient.
Due to the highly nonlinear and its non-convex properties, minimization problem is difficult to solve directly
and generally NP-hard problem [16].

Fig. 1. Noise behaviour in frequency domain

In data analytics, owe to the rapid development of convex and non-convex optimization techniques, in recent
years, numbers of methods have been proposed to improve the robustness for low-rank matrix (LRM) recovery
[2, 3, 5–8, 15, 17, 18, 9, 10]. Among them, PCA is one of the most popular methods for exploring the low-rank
matrix representation that seeks best optimal low-rank approximation of data. The aim is to find low-rank
matrix based on some feasible measurement ensembles. When these measurements are affine, LRM is given as

minXrank(X) s.t. A(X) = b
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. Where linear map

A : Rm×n → Rs

and the vector

b ∈ Rs

are known. The above recovery problem aims to find the low-rank matrix that satisfies linear equality con-
straints. Its tightest convex relation is nuclear norm minimization which is a challenging optimization problem
due to its discrete nature of the rank function. In general, the problem is categorized into two categories: the
low-rank matrix factorization (LRMF) and nuclear-norm minimization (NNM). For a given noisy matrix Y,
LRMF estimates the closest matrix to X under certain data fidelity function while being able to be factorized
into the product of two low-rank matrices. Whereas NNM finds the approximate Y by X, while minimizing the
nuclear norm of X. As compared to LRMF, NNM is widely explored because it has the tightest convex relaxation
to the non-convex LRMF problem with certain data fidelity term. Candes and Recht showed that most of the
low-rank matrix can be recovered perfectly through NNM optimization [4] whereas NNM-based matrix recovery
with F-Norm can be easily solved by soft thresholding operation on the singular value of observed matrix [3]

X
′

= argminX ||Y −X||2F + λ||X||∗ (1)

where λ is a positive constant and can be obtained by soft thresholding

X
′

= USλΣV
T . (2)

Recently, several efforts have been made to deal with complex noise based on NNM. Gu et al. tackled the com-
plex noise through weighted nuclear norm based on soft thresholding. Zhao et al. presented MoG-RPCA which
had the capability to fit more complex noise via sophisticated assumptions and regularization [20]. However,
it estimates multiple distributions simultaneously by introducing more parameters, making the model more
complex and difficult to optimize. The robust principal component analysis employs `1-norm to distill a sparse
matrix that characterizes large error corruptions, especially Laplacian noise [19, 10, 14, 13, 12]. Wang et al. pre-
sented matrix recovery by combining TV, nuclear and `1 norms that help to overcome large sparse noise and
enhances the structural smoothness of image [16]. Bayesian-based PCA has also been investigated to deal with
complex noise [1, 9] based on the assumption that noise is sparse and dense. However, these methods are still
have limited performance in the presence of complex noise. MoG-RPCA performed well however, it ends up to
complexity of the model due to several parameters [20]. [20].

Even though of several contribution for low-rank matrix recovery, due to the complexity of noise, methods
based on `1 or `2 norm are inefficient and effective only for specific type of noise. Moreover, to deal with the
complex noise, techniques based on rigorous assumptions have been developed that result in optimization chal-
lenge due to several parameters and redundancy [11]. In conclusion, traditional methods are not effective either
in the presence of complex noise due to their limited capacity against noise reduction or computational complex
due to huge number of parameters.

Fig. 2. Noise behaviour of voice signal: Spatial vs frequency domain

70 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 2



1.1 The Problem

We begin by carefully stating what we mean by low-rank matrix recovery. We observe a matrix Y of size M×N .
The task is to recover the underlying low-rank matrix X from its degraded observation Y. However, low-rank
minimization is a non-convex NP hard problem. Therefore, nuclear-norm minimization (NNM) is adopted as
its convex relaxation, which can be written as:

X
′

j = argminXj
||Y −Xj ||2F + λ||Xj ||∗ (3)

As discussed above, low-rank matrix recovery in the spatial domain by using either `1 or `2 norm is not efficient
in the presence of complex noise as methods based on `1 and `2 are effective for the simple type of noise such
as Gaussian, etc. However, noise in real world is more complex, thus, traditional PCA based methods are not
efficient to recover matrix as different noise distribution have different shapes and values in spatial domain. In
conclusion, sophisticated techniques are required to model the complex noise that can deal with different noise
distributions simultaneously.

1.2 Contribution

In this paper, we extend low-rank matrix recovery based on the noise behavior that deals with complex noise
regardless of its types. Noise is always chaotic in the spatial domain as shown in Fig 1. To overcome this, we
express our estimator as low-rank matrix approximation on the frequency component of a signal as energy
of noise signal is always scattered high-frequency areas. We, therefore construct low-rank approximation X of
matrix Y on the frequency component. The contribution of this paper is three-fold.

We analyze optimization problem of weighted nuclear norm in frequency domain and adaptively add propor-
tional noise according to noise level to recover the image information. Third, we adopt the proposed weighted
algorithm to low-rank matrix recovery to demonstrate its great potentials in low-level vision applications. The
experimental results showed that weighted nuclear norm minimization in frequency domain noise reduction out-
performs state-of-the-art de-noising algorithms not only in PSNR index, but also in local structure preservation
which results in visually more pleasant de-noising outputs.

2 Preliminaries

In this section, we provide some basic concepts, especially, we provide brief discussion on RPCA followed by
image transformation into frequency domain which we have used in the formation of objective function. We
start by establishing the notation used throughout the paper.

Matrices are denoted using upper case letters; original matrix, corrupted matrix, recovered matrix, and noise
matrix are denoted by X ′, X, Y , and N where X ′, X, Y , and N ∈ Rn1×n2 . Similarly, CX′ , CX , CY , andCN
represent clean, recovered, noisy, and additive noise respectively in the frequency domain.

Consider the noise-corrupted observed data Y such that Y = X + N , e.g., image or video, where N is the
additive noise and X is the required clean data. The aim is to recover X from noisy data Y corrupted by additive
noise N . To deal with this challenge, several methods have been presented. RPCA expects the noise matrix to
be sparse which means noise follows Laplace-like distribution. Formulation of RPCA can be described as

min ||X||∗ + λ||N ||1 s.t. Y = X +N

where ||X||∗ is the nuclear norm accumulating all singular values of X and ||.||1 is the `1 norm and λ is the
weight balance parameter. The matrix X is the desired clean and low-rank matrix, where N is the estimated
noise. N is encouraged to be sparse which means it follows a Laplacian distribution. Based on the assumption,
N is sparse in RPCA, `2-based matrix recovery (min ||X||∗+λ||N ||22) proposed to deal with Gaussian noise but
incapable to gross outliers [20].

To reach a clean recovery in the presence of complex noise that is always hidden in real-world images, more
sophisticated techniques have been developed, i.e., handle multiple noise distributions at the same time such as
different noise with distinct mean and variance. However, these methods end up to a huge number of parameters

ICONIP2019 Proceedings 71

Volume 16, No. 2 Australian Journal of Intelligent Information Processing Systems



that effect the model optimization. As discussed earlier, conventional PCA is efficient for specific type of noise,
however in the presences of complex noise, that always exists in real-life images, methods based on `1, `2 or
Frobenius norm fails to perform well as noise matrix is chaotic in spatial domain and the noise behavior cannot
be analyzed well. To overcome this issue, recently complex assumptions are considered that end up with huge
number of parameters resulting in complexity of the model. Whereas, on the other hand, behavior of the noise
is quite different in frequency domain as frequency coefficients of noise are significantly higher in compared
to noise-free images and absolute value of coefficient of noisy values is always constant with respect to their
variance [18]. This phenomenon would help to deal with noisy data efficiently in frequency domain as compared
to spatial representation. Thus, we applied discrete cosine transformation to convert the image into frequency
domain and applied weighted nuclear norm on frequency component.

CYj1,j2
= D(Yi1,i2) = sj1sj2

n1−1∑
i1=0

n2−1∑
i2=0

C(i1, i2, j1, j2)Yi1,i2 (4)

CYj1,j2
= Sj1,j2 ∗ Y (5)

CY ∈ Rn1×n2 is the DCT coefficient matrix of input image. Where n1 and n2 are the height and width of the
image (n1 × n2 is the image dimension). ’*’ is the image convolution and Sj1,j2 = sj1sj2C(i1, i2, j1, j2) with the

same size of Y is generated to calculate the j1, j2th DCT coefficient of Y . sj =
√

1/n if j = 0 and sj =
√

2/n
otherwise. The general equation for 2D discrete cosine transformation is given as

CYj1,j2
= sj1sj2

N−1∑
i1=0

M−1∑
i2=0

Yi1,i2 cos

[
πj1(2i1 + 1)

2N

]
cos

[
πj2(2i2 + 1)

2M

]
. (6)

We calculate its frequency coefficient using Eq.2 and its frequency representation could be written as
CY = CX + CN Where CX , CN and CY are the frequency coefficient of matrix X, N and Y respectively.

2.1 Motivation

The low-rank assumption based on frequency component can also be motivated as follows. Noise follows an
independent and identical distribution and could be at any location in the image as shown in figure 1. More
precisely, different noise distribution has different shapes and values in spatial domain, thus it is quite difficult
to recover such noise in spatial domain. Furthermore, this situation gets worse in the presence of complex noise,
i.e., it could be Gaussian or Laplacian in any part of the image. Unlike spatial domain, noise with different
distributions has similar representation in the frequency domain that evidently gives a reason to apply and
solve this problem in the frequency domain as shown in figure 1. Moreover, noisy images have higher frequency
coefficient as those of natural images. Thus, complex noise regardless of its types, can be modeled efficiently in
frequency domain due to noise behaviour in frequency domain.

3 Low-Rank Minimization in Frequency Domain

In this section, we present the proposed objective function for low-rank matrix recovery in frequency domain.
A general fact is that, unlike noise, much of the signal energy lies at low-frequencies sub-band which contains
the most important visual parts of the image. In the presence of noise in the image, the frequency coefficients
are much higher than in natural images. In spite of characterizing each noise pixel individually, one can design
filters according to the image frequency components to smooth images or remove noise. Based on the fact that
the frequency components of noisy data have similar values, we have considered the image analysis in frequency
domain and converted image into frequency domain using discrete cosine transform.

3.1 Optimization

In this section, we propose a weighted nuclear norm minimization on frequency component. Y , X, and N are
the corrupted observed data, original data, and additive noise, respectively.

To this end, consider the optimization problem in spatial domain.

min
N,X
||N − ζ||2F + ||X||w,∗ s.t. Y = X +N (7)
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where ζ is a synthetic matrix with the same size of Y .

The objective function in Eq. (7) is difficult to optimize since it is not convex. However, Eq. (7) can be
rewritten in frequency domain as.

min
CN ,CX

||Cx||w,∗ + λ|| |CN | − ζ||2F s.t. CY = CX + CN . (8)

The above objective function overcomes the optimization challenge of `1-norm by adopting F-norm to con-
strain the frequency coefficient of noise signal. To find local minima, we apply Lagrange multiplier on the
objective function in Eq. (8), we get

L(CX , Cy, E, γ) = ||Cx||w,∗ + λ||CN || − ζ||2F+ < E,CY − CX − CN > +
γ

2
||CY − CX − CN ||2F (9)

where E is the Lagrange multiplier and γ is the weight parameter to balance the original objective function.
Eq.(9) above can be divided into two sub-parts and each can be solved individually.

Objective function for noisy matrix CN

L(CN , E, γ) = λ|||CN | − ζ||2F− < E,CN > +
γ

2
||CY − CX − CN ||2F (10)

and objective function for desired matrix CX

L(CX , E, γ) = ||CX ||w,∗− < E,CX > +
γ

2
||CY − CX − CN ||2F (11)

To minimize the loss function of CX as shown in Eq. (11), there is a need to minimize Eq. (10) for CN as

L(CX , E, γ) =
1

γ
||CX ||w,∗ +

1

2

∥∥∥∥CX − (CY − CN +
1

γ
E

)∥∥∥∥2
F

. The minimization of CN can be done by considering the objective function with respect to noisy data CN . Eq.
(10) can be written as

L(CN , E, γ) = λ|||CN | − ζ||2F− < E,CN > +
γ

2
||CY − CX − CN ||2F . (12)

Equation (12) can be simplified as

L(CN , E, γ) =
1

γ
|||CN | − ζ||2F +

1

2

∥∥∥∥CN − (CY − CX +
1

γ
E

)∥∥∥∥2
F

. (13)

Consider P = CY − CX + 1
γE

and Q = sign(P ) ◦ ζ

Substituting P and Q in Eq. (13)

L(CN , E, γ) =
1

γ
|||CN | −Q||2F +

1

2
||CN − P ||2F

Now, considering the objective function of desired matrix as shown in Eq.(11) and can be simplified as

L(CX , E, γ) = ||CX ||w,∗− < E,CX > +
γ

2
||CY − CX − CN ||2F (14)

L(CX , E, γ) =
1

γ
||CX ||w,∗ +

1

2

∥∥∥∥CX − (CY − CN +
1

γ
E

))
|2F (15)

which can be simplified as

L(CX , E, γ) =
1

γ
||CX ||w,∗ +

1

2
||CX − Z||2F (16)

Where Z = CY − CN + 1
γE.

The above Equation 16 can be solved using soft-threshold scheme [3] [5] as follows. However, we first recall
the following results from [5].
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Lemma 1. ∀A,B ∈ Rm×n that satisfy ATB = 0, we have

1. ‖A+B‖w,∗ ≥ ‖A‖w,∗
2. ‖A+B‖F ≥ ‖A‖F

Lemma 2. ∀M =

[
A B
C D

]
with A ∈ Rm×m and D ∈ Rn×n, if weight satisfy w1 ≥ w2 ≥ wm+n ≥ 0, we have

||M ||w,∗ ≥ ||A||w1,∗ + ||D||w2,∗

where w = [w1, w2, ....wm+n] and w1 = [w1, w2, ..., wm] and w2 = [wm+1, wm+2....wm+n]

Theorem 1. ∀Y ∈ Rm×n with singular value decomposition computed as Y = UΣV T , the minimizer of objec-
tive function (16) can be written as CX = UPV T where P is computed as

P = min
P ′

1

2
||Σ − P ′||2F +

1

γ
||P ′||w,∗ (17)

Proof. Denoting by U⊥ the orthogonal basis of the complementary space of U , we can write X as X = UA1 +
U⊥A2, whereas A1 and A2 are the components of X in sub-spaces U and U⊥, respectively. We can write

f(X) =
1

2
||Y −X||2F +

1

γ
||X||w,∗ (18)

=
1

2
||UΣV T − UA1 − U⊥A2||2F +

1

γ
||UA1 + U⊥A2||w,∗

≥ 1

2
||UΣV T − UA1||2F +

1

γ
||UA1||w,∗ by Lemma 1 (19)

Similarly, for the row space basis V , we have

f(X) ≥ 1

2
‖UV T − UP ′V T ‖2F +

1

γ
||UP ′V T ||w,∗ (20)

Since U and V are both orthonormal matrices, we have

f(X) ≥ 1

2
||Σ − P ′||2F +

1

γ
||P ′||w,∗ (21)

As a result, the minimizer of the objective function (18) can be obtained by X = UPV T

Here, the key issue is the weight determination. To optimize the weight, we have the following theorem.

Theorem 2. If weights satisfy w1 ≥ w2 ≥ w2.... ≥ wn ≥ 0, the objective function in Equation (16) has globally
optimal solution:

CX = USw(Σ)V T

where Y = UΣV T is the singular value decomposition of Y and Sw is the generalized soft thresholding operator
with weight vector w

Sw(Σ)ii = max(Σii − wi, 0)

Proof. Consider the optimization problem in Equation (17) and assume ΛP ′ is a diagonal matrix that has same
elements as of matrix P ′. As a result, we have

1

2
||Σ − P ′||2F +

1

γ
||P ′||w,∗ =

1

2
||Σ − ΛP ′ − (P ′ − ΛP ′)||2F

+
1

γ
||ΛP ′ + P ′ − ΛP ′ ||w,∗ ≥

1

2
||Σ − ΛP ′ ||2F

+
1

γ
||ΛP ′ ||w,∗ by Lemma 2

Since both Σ and ΛP ′ are in diagonal form, the optimal solution can be obtained by soft-thresholding operation
on each element, i.e., P = Sw(Σ) where

Sw(Σ)ii = max(Σii − wi, 0)

With this in mind, we can compute a clean matrix by solving CX iteratively as shown in algorithm table 1.
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Table 1. Algorithmic procedure of FPCA

Input: Noisy Image Y where Y ∈ Rm×n

Output: Noise clean Image X where X ∈ Rm×n

For k=1:K Repeat :step-I to step-VIII

Step-I: Iterative regularization Y k = X̂k + σ(Y − Y k − 1)

Repeat step-IV to step-II to step-VIII

Step-II: Convert Image Y into frequency domain Cy ← DCT (y)

Step-IV: Initialize E = CYs/αCYs γ > 0 and β > 0

While not converge do
Step-V: Compute singular value decomposition of Z as (U,Σ, V ) = svd(Z)

where Z = CYg − CNg + 1
γ
E

Step-VI: Minimize Cxg with respect to CNg as CX = US(Σ)V T

Step-VII: Update CNg with respect to CXg using Eq.13
end while

Step-VIII: Convert CXg to spatial domain X ← IDCT (CY )

Step-X: Aggregate cleaned image

4 Experiments and Evaluation

The low-rank approximation problem described above readily admits a straightforward solution. In order to eval-
uate the performance of proposed approach, we used PSNR and the relative reconstruction error performance.
We have conducted several experiments on recommended images and compared the proposed FPCA based im-
age de-noising algorithm with several state-of-the-art de-noising methods, including RPCA [19], VBRPCA [1],
MOG-RPCA [20], FRPCA [18] and TFRPCA [18]. Detailed results are presented in table 1. Furthermore, we
noticed that the proposed approach showed visually pleasant de-nosing result while having higher PSNR and
fewer artifacts.

4.1 Dataset

Evaluation of proposed approach is performed on synthetic dataset. In the synthetic, commonly used pictures
(cameraman, Newton, Boat, Lena, butterfly, baboon, bird, zebra, starfish and peepers) are selected and con-
verted to grey scale. Experiments are performed on 10 noisy images. The sizes of each image is cropped to
128×128 and converted to grey scale. Noisy is added to the clean images as shown in Fig.2. Then, 400 images of
109×109 are cropped and copied four times. X is intrinsic low-rank due to strong conjunct information between
neighbouring areas of image. We have synthetically added certain type of noises (sparse 20% with in [-0.2,0.2],
Gaussian σ = 0.05, mixed Gaussian with σ = 0.05, µ = 0 and mixed noise (both Gaussian and sparse: data
are corrupted with sparse noise followed by Gaussian noise) to the above-mentioned images as similar to [18]
to generate the ground truth. We have also considered mix Gaussian noise ( 40% of pixels are corrupted with
σ = 0.1, µ = 0 and rest of the pixels are corrupted with σ = 0.05, µ = 0.

Fig. 3. Test Dataset
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4.2 Results

To evaluate our method, we used same noise level and evaluation parameter as of [18] for result comparison.
For assessment in term of quality in two metrics (noisy and recovered), peak signal-to-noise ratio (PSNR) and
relative reconstruction error (RRE) are commonly used methods. PNSR is the standard criterion for evaluating
recovery whereas RRE directly calculates the accumulated data error. The higher the value, the more similar
two images are. Details of the results are presented in Table 1. Table 2 shows the average result of proposed
method individually obtained on each image. Results shown in table 1 are averaged PSNR and RRE on all
ten images. Table 1 and table 2 show that proposed FPCA performed slightly better as compared to FRPCA
[18] and TFRPCA [18] for all types of noises whereas as considerable gain in performance as compared to
traditional methods based on spatial domain RPCA [19], VBRPCA [1], MOG-RPCA [20], FRPCA , FRPCA
[18] and TFRPCA [18].

Table 2. Comparative Evaluation of FPCA

Noise Type Evaluation Measure RPCA VBRPCA MOG-RPCA FRPCA[18] TFRPCA[18] FPCA

Sparse PSNR 27.91 20.63 16.82 30.38 30.48 31.18
RRE 0.0553 0.115 0.225 0.0515 0.051 0.0502

Guassian PSNR 26.29 20.45 16.76 30.54 30.64 31.46
RRE 0.0708 0.119 0.2333 0.0506 0.0501 0.051

Mixed Guassian PSNR 25.31 20.15 21.63 27.53 27.58 28.72
RRE 0.08 0.126 0.1239 0.073 0.0727 0.074

Mixed Complex PSNR 24.67 19.88 21.65 26.67 26.72 27.86
RRE 0.087 0.132 0.1259 0.0792 0.0786 0.732

Table 3. De-nosing Result on Different Images

Noise Type Evaluation Measure Lena butterfly Cameraman Baboon

Sparse PSNR 30.91 30.32 30.54 29.81
RRE 0.0506 0.051 0.509 0.0544

Guassian PSNR 30.82 30.81 30.64 29.15
RRE 0.0491 0.0491 0.489 0.0591

Mixed Guassian PSNR 28.09 28.11 28.03 27.27
RRE 0.699 0.699 0.709 0.729

Mixed Complex PSNR 26.95 26.94 26.98 25.98
RRE 0.779 0.78 0.779 0.789

In comparison to other methods RPCA [19], VBRPCA [1], MOG-RPCA [20], FRPCA [18] and TFRPCA
[18], FRPCA [18] and TFRPCA [18], the reason why the proposed approach provided better performance as it is
designed to deal with complex noise in the frequency domain. As table 1 shows, the performance comparison of
traditional methods designed based on spatial domain versus methods based on the frequency domain. It shows
that noise recovery in frequency domain is robust in both perspective PNSR and RRE which validate the the
earlier discussion that in the frequency domain based on the observation that noise always lies in high frequency
component and coefficient of noise components are constant in the frequency domain. FPCA showed strong de-
nosing capability as compared to other approaches RPCA [19], VBRPCA [1], MOG-RPCA [20], FRPCA [18]
and TFRPCA [18] by producing visually pleasant de-nosing result while having higher PSNR and less artifacts.

5 Conclusion

We presented a new approach for low-rank matrix approximation based on the assumptions that noise always
lies in the high frequency component while signal energy lies at low-frequencies sub-band which contains the
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most important visual parts of the image. We, therefore, construct low-rank approximations of matrix Y ′.
Experimental results showed that noise reduction in the frequency domain can not only provided visible PSNR
improvement but also preserve the image quality and generated less artifacts. Experimental results on benchmark
data sets validate the robustness of FPCA approach against complex noise as compared to the state of the art
work.

References

1. S Derin Babacan, Martin Luessi, Rafael Molina, and Aggelos K Katsaggelos. Sparse bayesian methods for low-rank
matrix estimation. IEEE Transactions on Signal Processing, 60(8):3964–3977, 2012.

2. Jian-Feng Cai. Non-convex methods for low-rank matrix reconstruction. Machine Learning, 2017.
3. Jian-Feng Cai, Emmanuel J Candès, and Zuowei Shen. A singular value thresholding algorithm for matrix completion.

SIAM Journal on Optimization, 20(4):1956–1982, 2010.
4. Emmanuel J Candès and Benjamin Recht. Exact matrix completion via convex optimization. Foundations of

Computational mathematics, 9(6):717, 2009.
5. Shuhang Gu, Lei Zhang, Wangmeng Zuo, and Xiangchu Feng. Weighted nuclear norm minimization with application

to image denoising. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, pages
2862–2869, 2014.

6. Xiaojie Guo, Zhouchen Lin, and Cooperative Medianet Innovation Center. Route: robust outlier estimation for low
rank matrix recovery. In Proceedings of the 26th International Joint Conference on Artificial Intelligence, pages
1746–1752. AAAI Press, 2017.

7. Richard Kueng, Holger Rauhut, and Ulrich Terstiege. Low rank matrix recovery from rank one measurements.
Applied and Computational Harmonic Analysis, 42(1):88–116, 2017.

8. Yu-Fan Li, Yan-Jiao Zhang, and Zheng-Hai Huang. A reweighted nuclear norm minimization algorithm for low rank
matrix recovery. Journal of Computational and Applied Mathematics, 263:338–350, 2014.

9. Shinichi Nakajima, Ryota Tomioka, Masashi Sugiyama, and S Derin Babacan. Perfect dimensionality recovery by
variational bayesian pca. In Advances in Neural Information Processing Systems, pages 971–979, 2012.

10. Feiping Nie, Jianjun Yuan, and Heng Huang. Optimal mean robust principal component analysis. In International
conference on machine learning, pages 1062–1070, 2014.

11. Imran Razzak, Michael Blumenstein, and Guandong Xu. Multiclass support matrix machines by maximizing the
inter-class margin for single trial eeg classification. IEEE Transactions on Neural Systems and Rehabilitation Engi-
neering, 2019.

12. Imran Razzak, Ibrahim Hameed, and Guandong Xu. Robust sparse representation and multiclass support matrix
machines for the classification of motor imagery eeg signals. IEEE Journal of Translational Engineering in Health
and Medicine, 2019.

13. Imran Razzak, Raghib Abu Saris, Michael Blumenstein, and Guandong Xu. Integrating joint feature selection into
subspace learning: A formulation of 2dpca for outliers robust feature selection. Neural Networks, 2019.

14. Muhammad Imran Razzak, Raghib AbuSaris, and Guandong Xu. Robust 2d joint sparse principle component analysis
with f-norm minimization for sparse modelling: 2drjspca. In International Joint Conference on Neural Network.

15. Benjamin Recht, Maryam Fazel, and Pablo A Parrilo. Guaranteed minimum-rank solutions of linear matrix equations
via nuclear norm minimization. SIAM review, 52(3):471–501, 2010.

16. Hengyou Wang, Yigang Cen, Zhiquan He, Zhihai He, Ruizhen Zhao, and Fengzhen Zhang. Reweighted low-rank
matrix analysis with structural smoothness for image denoising. IEEE Transactions on Image Processing, 27(4):1777–
1792, 2018.

17. Hengyou Wang, Ruizhen Zhao, Yigang Cen, Liequan Liang, Qiang He, Fengzhen Zhang, and Ming Zeng. Low-rank
matrix recovery via smooth rank function and its application in image restoration. International Journal of Machine
Learning and Cybernetics, pages 1–12, 2017.

18. Yunhe Wang, Chang Xu, Chao Xu, and Dacheng Tao. Beyond rpca: Flattening complex noise in the frequency
domain. In AAAI, pages 2761–2767, 2017.

19. John Wright, Arvind Ganesh, Shankar Rao, Yigang Peng, and Yi Ma. Robust principal component analysis: Exact
recovery of corrupted low-rank matrices via convex optimization. In Advances in neural information processing
systems, pages 2080–2088, 2009.

20. Qian Zhao, Deyu Meng, Zongben Xu, Wangmeng Zuo, and Lei Zhang. Robust principal component analysis with
complex noise. In International Conference on Machine Learning, pages 55–63, 2014.

ICONIP2019 Proceedings 77

Volume 16, No. 2 Australian Journal of Intelligent Information Processing Systems



Information for Authors 
 
The Australian Journal of Intelligent Information Systems (AJIIPS) is published regularly. The aim 
of AJIIPS is to publish papers describing theory, methods, and techniques, applications, and 
tutorial presentations in a range of areas relating to Computer Science and Computer Engineering. 
AJIIPS publishes full papers, short notes, and survey articles. Specific areas include but are not 
limited to: 
 

• Artificial Neural Networks   
• Deep Learning 
• Fuzzy Systems 
• Evolutionary Computing 
• Cluster Analysis 
• Virtual Reality 

• Extended Reality 
• Ontological Studies 
• Information Retrieval 
• Data Mining and Knowledge 

Discovery 
• Human Centred Computing 

 
All papers will be reviewed by at least two reviewers and one of the editors. Decisions as to the 
suitability of the papers will be made by the Editor in Chief. 
 
Papers  should  be  clearly  presented,  consistent  with  giving  proper  description  of  
primary contribution. Theory papers should be based on clear, formal foundations; methods and 
techniques should indicate the novelty and advantage of the technique; applications papers should 
present appropriate results and evaluation of performance; tutorial papers should be clearly 
presented to a reader with a general background in areas of interest to the journal but no prior 
background in the specific topic. 
 
 
Submission and publication format 
 
All papers should follow the Springer conference paper format, with the exception that 2 cm 
margins are used on all 4 sides of a A4 sheet. 
 
 
Communication 
 
Please use papers@ajiips.com.au to communicate with the journal, allowing 5 working days for 
reply. In exceptional circu 


	63
	#44camera-ready
	paper138_AJIIPS
	714
	433-LEARN_Paper
	139
	SeqDLF: Deep Local Feature-Based Image Sequence Representation for Visual Loop Closure Detection 

	384
	500
	155
	PyramNet: Point Cloud Pyramid Attention Network and Graph Embedding Module for Classification and Segmentation




