
EDITORIAL

Deep understanding of big multimedia data

Xiaofeng Zhu1 • Chong-Yaw Wee2 • Minjeong Kim3

Published online: 8 April 2020
� Springer-Verlag London Ltd., part of Springer Nature 2020

The massive increase in the amount of data collected in

business, social media, engineering sciences, and computer

science makes accessing and analyzing structured,

unstructured, and semi-structured data increasingly

important [1, 2]. Ability to semantically understand the

content of the data can substantially enhance the applica-

tions of big data. However, the performance of data

understanding is heavily dependent on the learning tech-

niques. In addition to volume, data are naturally comprised

of multiple representations or sources in real applications

in which multi-source data provide enriched information

from different perspectives [3, 4]. Multi-source data

understanding is hence one of the most interesting and

hottest topics in research and business nowadays and is

remarkably useful for practical applications.

Analyzing multi-source big data is a challenging task

due to massive volume and multi-source structure of the

data [5]. This paper attracts recent studies of multi-source

data understanding as well the studies related to this

domain to explore efficient and effective solutions of data

analytics.

In [6], Yang et al. propose a novel ‘ASTR’ model for

end-to-end abstractive review summarization, which

leverages the benefits of the supervised deep neural net-

works, reinforcement learning as well as the unsupervised

probabilistic generative model for cross-domain abstractive

review summarization. Experiment shows that the

proposed model can generate better sentiment-aware

summarization for reviews with different categories and

aspects.

In [7], Tan et al. propose a new spectral clustering

method based on mutual k-nn. The method uses mutual k-

nn to learn the affinity matrix and then employ the affinity

matrix to retain local information of the data. Furthermore,

the method also utilizes the normalization method to fur-

ther improve the performance of clustering. Experimental

results on eight public data sets verified the effectiveness of

the proposed method.

In [8], Du et al. propose that a novel local covari-

ance-based method to solve the problem of the tradi-

tional spectral clustering method often ignores the

intersection between the different clusters of data.

Specifically, the proposed method first learns an initial

affinity matrix by adding the local covariance into

traditional matrix construction step and then normalizes

the obtained affinity matrix to further improve the

clustering performance.

In [9], Li et al. propose an unsupervised nonlinear fea-

ture selection method via kernel function. Specifically, the

method first uses a kernel function to map data into a high-

dimensional space, making the data more distinguishable,

and then utilize low-rank constraints to remove the influ-

ence of noise. Finally, the method employs L_21 norm

conduct feature selection on kernel space. Experiment

shows that the method achieves reasonable results on 12

public data sets.

In [10], Zhou et al. propose a low-light enhancement

model to solve the problem of imperfect lightness condi-

tions usually lower the visual quality of an image,

Specifically, with an input image, the model first generates

multiple enhanced images based on a lightness-aware

camera response model. These images are then fused at

mid-level based on a patch-based image decomposition

model. Experimental results show that the proposed model

better improves the image quality in terms of visual natu-

ralness and aesthetics.

In [11], Lu et al. propose a novel multitask learning

approach called a hybrid representation-learning network
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for text classification tasks. The method consists of two

network components: a bidirectional gated recurrent unit

with attention network module and a convolutional neural

network module. In particular, the attention module allows

for the task learning private feature representation in local

dependence from training texts and that the convolutional

neural network module can learn the global representation

on sharing.

In [12], Hu et al. propose an analysis method of stu-

dents’ video watching behavior in MOOCs platform to

measure the effectiveness of courses delivered using

MOOCs in China Agricultural University. Experimental

results show that the proposed method based on Spark

platform can quickly and accurately analyze the charac-

teristics of video watching behavior.

In [13], Lu et al. propose a semantic annotation method

based on header recognition and data item classification.

The method first establishes a description model of the

domain to be annotated, and then label the data items on

the extracted partial pages and use the header recognition

to dynamically expand the domain description model.

Finally, the BP neural network algorithm is used to classify

the unlabeled data in the header recognition stage, and the

unlabeled data items are semantically labeled according to

the classification results.

In [14], Zhong et al. propose a novel supervised feature

selection method. Specifically, the method uses two sub-

space learning methods to preserve the local structure and

global structure of the data, so as to provide comprehensive

information for learning model, and employs adaptive

graph learning to adaptively update graph matrix and fea-

ture matrix so that the model can output global optimiza-

tion of spectral feature selection.

In [15], Chen et al. propose a remote sensing image

classification algorithm based on the sparse regularized

feature learning method. Specifically, after constructing

bag of features by using speeded-up robust feature

extraction algorithm, direct sparsity optimization-based

feature selection method is applied for selecting discrimi-

native features, which is used for constructing support

vector machine classifier model.

In [16], Zhu et al. propose a novel region search method

to address the RSD problem efficiently. Specifically, the

method conducts network expansion search from each

region, and upper and lower bounds on spatial-density

correlation are defined to prune the search space effec-

tively. In addition, the spatial and density attributes are

both considered to prune the search space, so the pruning

power is improved in the two domains. Experiments on real

and synthetic spatial data sets show the efficiency and

effectiveness of the proposed method.

In [17], Liang et al. propose a novel method for detec-

tion and recognition of traffic signs. Specifically, in the step

of detection, the method uses the ResNet-50 as the back-

bone to build pyramidal feature networks, which can

greatly enhance the semantic representation of small

objects. In the step of recognition, dense blocks are

employed in the classification network to boost the accu-

racy up. Experimental results verified the effectiveness of

the proposed method in detecting end identifying traffic

signs.

In [18], Liu et al. propose a novel deep convolutional

neural network (Res-CNN) to automatically segment acute

ischemic stroke lesions from multimodality MRIs. The

proposed network employs residual unit to alleviate the

degradation problem and use multimodality to exploit the

complementary information in MRIs. The experimental

results showed that the proposed network outperformed

other well established and state-of-the-art segment methods

in terms of overlap with the ground truth on both data sets.

In [19], Ma et al. present a model referred as weight-

KNN which firstly introduces the CNN feature to address

the problem that traditional models only work well with

well-designed manual feature representations. Further-

more, the proposed model incorporates a multi-label linear

discriminant approach to compute the weighting which

improves the accuracy in the subsequent procedures of

distance calculation. Experimental results show that the

method can achieve a high performance.

In [20], Ouyang et al. propose a new analysis method

considering the stability of pulsed inertial neural networks

with infinite delay and saturated actuators, which can

effectively solve the difficulties caused by unbounded

time-varying delay and impulsive effect with saturating

actuators. Simulation results show the effectiveness of the

new method.

In [21], Chen et al. propose a general spectral sparse

regression method to handle abnormal features by learning

the joint sparsity and noise features. Specifically, GSSR is

conducted in two stages. First, the classic sparse dictionary

learning method is used to build the bases of original

data. After that, the original data are project to the basis

space by learning a new representation via GSSR. Exper-

imental results show that performance of the proposed

method.

In [22], Chen et al. propose a multi-task learning-based

object detection method by jointly using the color and

depth features. The method uses color and depth features to

build a pair of background model, forming two streams of

the proposed multi-task learning framework, and then

generate the final object detection result by fusing the

results given by color and depth features.

In [23], Jin et al. propose a sparse Bayesian extreme

learning machine (SBELM)-based method for motor ima-

gery EEG classification. The method introduces a sparse

Bayesian ELM (SBELM)-based algorithm to improve the
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classification performance of MI. Furthermore, SBELM is

able to automatically control the model complexity and

exclude redundant hidden neurons by combining strengths

of both ELM and sparse Bayesian learning.
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