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The enormous multimedia content offered 
on online social networks includes immense 
quantities of multimedia data, which come 
from various sources ranging from surveil-
lance video and to social media. Since mas-
sive multimedia datasets are being generated, 
stored, transmitted, and processed, multimedia 
data has become a unique type of big data in 
the Big Data era [2]. Considering both the 
richness and scale of multimedia big data, it 
could provide tremendous opportunities to 
mine, model, learn and analyze for multimedia 
applications/services including multimedia 
retrieval, recommendations, searches, 3-D ren-
dering, multimedia games, learning, advertise-
ments, etc. Different from general, text-based 
big data, multimedia big data also brings about 
obvious challenges since it is characterized by 
both massive volume and partially unknown 
complex structures, which cannot be effective-
ly handled by the traditional multimedia data 
processing technologies [3].

Multimedia big data can essentially be 
viewed as large-scale signals composed of 
partially unknown complex structures, which 
involve motion trajectory, time statistics, spa-
tial statistics, human factors and inter-view 
correlations with structured singularities [4]. 
Multimedia big data is often unstructured, 
multimodal and heterogeneous, because of 
which it is difficult to represent and mod-
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Along with the growing prevalence of Inter-
net-friendly, low-cost commodity devices with 
cameras (such as mobile phones, surveillance 
systems, etc.) and proliferation of social net-
works (such as Webchat, QQ, Tudou, Face-
book, YouTube, Twitter, etc.), it is very easy 
for the ordinary user to generate and share all 
kinds of multimedia content. The user may 
have little knowledge of networking, but can 
handily post and upload user-generated con-
tent (including text, voice, photo, and video) 
to social networks through the Internet [1]. 
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er’s satisfactory level for multimedia big data 
services, we need to assess the quality of mul-
timedia big data service. With proliferation of 
sensitive data, multimedia big data also needs 
to be managed under sound security during 
the entire multimedia big data lifecycle. In the 
typical multimedia big data lifecycle, com-
puting has a profound effect, where almost 
each stage of the multimedia big data lifecycle 
demands real-time and effective computing, 
since multimedia big data applications have 
large volumes and needs to be processed in a 
tolerable period of time.

In the next sections, we provide detailed 
discussions of each of the multimedia big 
data lifecycle stages. In particular, we present 
the state-of-the-art, as well as future research 

with a review of the existing literature. We 
provide an overview of this emerging field, 
survey contemporary approximation tech-
niques such as multi-level 3-D shape feature 

data framework [22]. We also discuss the open 
problems and possible future directions in this 
area. We hope this paper can serve as a useful 
references for readers who are interested in 
working in the exciting area of multimedia big 
data, which is still at its infancy stage with tre-
mendous research opportunities.

The remainder of this paper is organized as 
follows. In Section II, we provide some pre-
liminaries of big data. In Section III, we pro-
vide a definition of multimedia big data and 
review its key lifecycle components, as well 
review related work in each component area. 
We review several multimedia big data appli-
cations in Section IV, and discuss important 
open problems and future directions in Section 
V. Finally, we summarize this paper in Section 
VI.

 DATA 

Recently, enormous datasets are described as 
“Big Data,” which can offer potentially huge 
values to researchers and businesses [40], 
[41]. Big data research and applications are 

el. Since a computer cannot understand 
high-level semantics, there is a higher level of 
complexity involved in comprehending and 
cognition of multimedia big data. Multime-
dia big data has Quality of Experience (QoE) 
requirements, which often evolve with space 
and time. Multimedia big data often entails 
considerably more resources in terms of acqui-
sition, storage, transmission, presentation and 
processing, including, for instance, the need 
for graphics processing unit (GPU) processing 
and parallel, distributed software [3].

The typical multimedia big data lifecycle 
-

quisition, compressing, storage, processing, 
understanding, assessment, computing, and 
security. In the acquisition stage, multimedia 
big data is often generated by heterogeneous 
sources, including ubiquitous portable mobile 
devices (such as smartphone, digital camera, 
individual digital device, etc.), video lectures, 
digital games, Internet, Internet of Thing 
(IoT), multimedia sensor, social media, and 
virtual words. After acquiring multimedia 
big data, one must compress it for efficient 
storage and communications, since its volume 
is beyond the ability of general software/net-
working tools. In the storage and processing 
stages, one faces the challenge of unprece-
dented data volumes. Furthermore, it is often 
infeasible to store all captured multimedia data 
in many scenarios. Effective multimedia big 
data analysis methods are needed to achieve 
fast storage and processing. Since there is the 
semantic gap between semantics and video 
visual appearance, automated understanding 
is required for multimedia big data when user 
receives multimedia big data. To improve us-

This article contrib-
utes to the ongoing 
c ro s s - d i s c i p l i n a r y 
efforts in multimedia 
big data research by 
investigating the back-
ground and state-of-
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t ra f f i c  mon i to r ing  
tools, representation, 
big data knowledge 
engineering frame-
work, security, and so 
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Fig. 1.  The typical multimedia big data lifecycle.
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typical big data. Multimedia big data analysis 
requires much more sophisticated algorithms 
and much more computing resources than the 
typical big data. For multimedia big data, an 
obvious feature is to effectively understand 
the media context and content, while another 
important feature is to design human-centric, 
high-level semantics. Some typical character-
istics of multimedia big data are described as 
follows.
•  Compared to non-multimedia big data, 

multimedia big data consists of more data 
types, which are more helpful for human 
understanding than for machines (for ex-
ample, people often like video more than 
text, but it is more difficult for a machine 
to understand video than text). From media 
type to media content, multimedia big data 
focuses on humans, not machines.

•  Datasets are mainly are composed of dif-
ferent types of video data, such as camera 
video, interactive video, social video, im-
mersive video (also called stereoscopic 3-D 
video), 3-D virtual worlds, and so forth. 
Therefore, multimedia big data has a higher 
level of complexity than typical big data, 
which is usually text-based.

•  Multimedia big data can be acquired from 
heterogeneous sources, including ubiqui-
tous portable mobile devices (such as the 
smartphone, digital camera, individual 
digital device, etc.), video lectures, digital 
games, the Internet, the Internet of Things 
(IoT), multimedia sensor, social media, and 
virtual words. Heterogeneous sources make 
multimedia big data to be unstructured, het-
erogeneous, and multimodal. Therefore, it 
is very challenging to represent and model 
multimedia big data since these data come 
from different sources or spaces (for ex-
ample, social, cyber, and physical). Mean-
while, a sizable portion of multimedia big 
data is missing and multimedia big datasets 
are often incomplete due to possibly dispa-
rate origins.

•  Since multimedia big data often evolve 
over time and space, multimedia big data 
analysis needs to effectively understand the 

accelerated by many government agencies 

data are given. In big data, the data is often 
characterized by “4V” or “5V,” where “4V” 
indicates volume (quantity of data), velocity 
(fast generation of new data), veracity (quality 
of the data), and variety (data from different 
categories); and “5V” includes “4V” and val-
ue (huge value but very low density) [19]. In 
general, the datasets with growing data scale 
cannot be handled (i.e., perceived, captured, 
managed, and processed, etc.) by traditional 
database technologies within an acceptable 
scope for big data [40], [41].

In big data applications, it is the most 
critical problem to discover values from 
datasets with a rapid generation, enormous 
scale, and various types (including structured, 
semi-structured and unstructured data). Espe-
cially, people often cannot obtain the eventual 
size of the dataset since the data is often ac-
cumulated over time. Apart from masses of 
data, big data also has some other features as 
follows:
•  the size of data is too big to be handled by 

the existing network tools;
•  the data are streamed at rates faster than 

that can be handled by the existing network 
systems;

•  the quality of data should be considered;
•  the data has different types and modalities;
•  the value of data should be considered, 

from heterogeneous, autonomous sources.
The readers can refer to [19], [40], [41] for 

more details.

 M DATA

At present, although the importance of multi-
media big data has been recognized, there is 

-
ferent from big data with 4V and 5V, multime-
dia big data is a type of datasets, in which the 
data is human-centric, heterogeneous, and has 
more media types and higher volume than the 
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data applications. There are obvious differenc-
es between typical big data and multimedia 
big data. Table 1 provides a comparison of tra-
ditional datasets, big data, and multimedia big 
data. We then discuss the components in the 

the remainder of this section.

In the typical multimedia big data lifecycle, the 
first phase is to acquire multimedia big data. 
In this stage, multimedia big data can be ac-
quired from heterogeneous sources, including 
ubiquitous portable mobile devices (such as a 
smartphone, digital camera, individual digital 
device, etc.), video lectures, digital games, the 
Internet, the Internet of Thing (IoT), multime-
dia sensor, social media, and virtual words. 
Heterogeneous sources generate multimedia 
big data that are unstructured, heterogeneous, 
and multimodal. Different multimedia types 
are generated, such as video (including cam-
era video, interactive video, social video, and 

text, documents, HyperText Markup Language 
(HTML), geospatial data, tables, graphics, 2D 
graphs, 3-D virtual worlds, and other forms 
of multimedia information. Many video cod-
ing standards have been proposed. Therefore, 
multimedia big data have a much higher level 
of complexity than typical big data, which is 
usually text-based.

Multimedia big data tends to be unstruc-
tured, heterogeneous, and multimodal, since it 
comes from different sources or spaces (e.g., 
social, cyber, and physical spaces). Different 
media types with different formats have dif-
ferent distribution characteristics in volume, 

context and content in different scenarios.
•  Multimedia big data have unprecedented 

data volumes, in which many applications 
tap into large, fast-moving, complex data 
streams and apply advanced analytical tech-
niques. Furthermore, it is often infeasible to 
store all captured multimedia data in many 
cases. Different from traditional methods 
that can obtain only pieces of knowledge 
with uncertainty, incompleteness, and vary-
ing levels of quality from single sources 
[14], the large-scale multimedia big data 
inevitably contain communication errors, 
corrupted measurements, and even suffer 
from malicious attacks [28].

•  Since multimedia data pass through a net-
work at high velocity, multimedia big data 
requires to be processed rapidly and contin-
uously, subject to storage volume and time 
constraints. For stored multimedia big data, 
real-time computing is often needed since 
the data is too big to move. Moreover, mul-
timedia big data is typically dynamic, i.e., 
transient in nature, and also exhibits a wide 
variety since it often evolves with time and 
space.

•  With the proliferation of sensitive video 
data, multimedia big data need to be man-
aged under tight security. It is critical to 
consider traitor-tracing and secure multime-
dia sharing issues for multimedia big data.
From the above characteristics discussed, 

we can observe that multimedia big data in-
volves working with sensitive data, analyzing 
complex and heterogeneous data, managing 
distributed data under security and perfor-

requirements that emerge from multimedia big 

Table I.  Comparison of traditional datasets, big data, and multimedia big data.

Data source
Data 

volume
Eventual
data size

Interpreting
video

Data
structure

Interactive
response

Real-
time

Complexity
Human-
centric

Response 

Traditional 
dataset

Single, 
centralized

Small Certain No Text-data No No Low No No 

Big data
Heterogeneous, 

distributed
Midium Uncertain No Text-data No Yes Medium No No 

Multimedia 
big data

Heterogeneous, 
distributed

Big Uncertain Yes Video-data Yes Yes High Yes Yes 
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To organize multimedia resources, a se-
mantic link network model is proposed in 
[24], which generates the association relation 
among multimedia resources. For communica-
tion between geographically distributed cloud 
data centers, paper [52] focuses on multi-
rate Bandwidth on-Demand (BoD) services 
which are offered by the Dense Wavelength 
Division Multiplexing (DWDM) layer. Paper 
[56] proposed a mobile content distribution 
scheme, which is based on roadside parking 
cloud (RPC) and mobile cloud (MC), where 
RPC is formed by the parked car on the road-
side and MC is formed by moving cars on the 
road. This scheme is based infrastructure to 
relieve content distribution over VANETs with 
the high mobility of vehicles and intermittent 
connectivity.

The characteristics of different methods 
are summarized in Table 2. From the table, 
we find that different methods have different 

-
tinct categories. However, Table 2 shows that 
new methods need to consider in their design 
factors such as multimodal, unstructured, het-
erogeneous, geographically distributed data, 
dynamic evolution, interests of a user, tempo-
ral and spatial information, and semantics.

After acquisition, multimedia big data must 

size, and so forth. Even if analyzed in the 
same space, they exhibit different character-
istic patterns. Because users like unstructured 
data that is suitable for human understanding, 
unstructured data is rapidly growing in both 
quantity and quality. It is important to design 
new constructing and representing methods 
that can provide analytics of complex and het-
erogeneous data spaces.

Different from traditional methods that 
typically can obtain only pieces of knowledge 
with uncertainty, incompleteness, and at vary-
ing levels of quality from a single source [14], 
when designing new methods to efficiently 
acquire useful knowledge from heterogeneous 
multimedia information sources with complex 
and evolving relationships, one should keep 
in mind that large-scale multimedia big data 
inevitably contain communication errors, cor-
rupted measurements, and even suffer from 
malicious attacks [28]. It is very difficult to 
represent and model multimedia big data. For 
example, unstructured multimedia big data is 
difficult to be understood by machines. Fur-
thermore, most studies on traffic recognition 
focus on graph structure, rather than video 
structure. In particular, the hidden video con-
tent information is usually ignored in different 
scenarios.

Since the data collected from diverse do-
mains are heterogeneous, the authors in [34] 
show that the data variables can be divided 
into different groups. For a particular prob-
lem, different forms can record the multiple 
views by considering each variable group as 
a particular view. The information acquired 
from each view may not be sufficient for ef-
fective learning, but the integration of multiple 
features from diverse information sources is 
both valuable and necessary. In [35], dynamic 
unstructured data is modeled as stream charac-
terized by high volume, sequential access and 
dynamic evolution. To describe the properties 
and interests of a user, the paper utilizes a user 

 opinions about resources 
are expressed by descriptive labels (i.e.,tags). 
Each descriptive label is regarded as a separate 
dimension in the vector space model.

Table II.  Characteristics of the acquisition methods.

Method Characteristics

BigKE [14]
Fragmented knowledge modeling from multiple autonomous 
information sources. Feature streams derived from temporal 
and spatial information

Statistical learning 
tools [28]

Consider communication errors, corrupted measurements, and 
even suffer from attacks

Mult i -view Intact 
Space Learning algo-
rithm [34]

For a particular problem, different forms can take in the mul-
tiple views by considering each variable group as a particular 
view

Ta g  a s s i g n m e n t s 
stream clustering [35]

Use locality-sensitive hashing to model dynamic unstructured 
data

Semantic link net-
work model [24]

Organize multimedia data with their semantics

BoD broker [52] Focuses on multi-rate Bandwidth on-Demand (BoD) services
Mobile content distri-
bution scheme [56]

Based on infrastructure to relieve content distribution over 
VANETs
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geometric bag-of-words. After that, a Deep 
Belief Network is applied to learn the structur-
al high-level shape features. The authors show 
that the learned high-level features are highly 

To discover a latent representation of the 
data, paper [34] integrates the encoded com-
plementary information in multiple views. 
The authors show theoretically that abundant 
information can be acquired by combing mul-
tiple views for latent intact space learning. To 
extract knowledge from Big Data, the authors 
in [62] propose an architecture to capture, 
process, analyze and visualize data coming 
from multiple streaming multimedia TV sta-
tions and radio stations. The paper emphasizes 
techniques such as diarization and the optimi-
zation of the number of Hadoop nodes, provi-
sioned from Cloud infrastructures, to deliver 
enhanced performance.

The characteristics of different compressing 
methods are summarized in Table 3. From Ta-
ble 3, it can be seen that the above mentioned 
methods are focused on high-level features 
and integrated the features in multiple views. 
It is vital to provide effective description for 
high-level features.

With massive multimedia big data being con-
tinuously generated, it needs to be effectively 
stored after compressing. Since multimedia 
big data has an unprecedented data volume 
and is in various media types, it is important 
to store the data effectively for various multi-
media big data applications. With the growing 
quantity and quality of unstructured data, mul-
timedia big data brings about big challenges to 
traditional data storage systems that are based 
on the NoSQL model. In many scenarios, it is 
often infeasible to store all observed multime-
dia data. For new data storage systems, prac-
ticability and cost are also important design 
factors.

In a recent work [36], the authors pres-
ent a processing pipeline that is capable of 
seamlessly combining the NoSQL storage 
model and a Big Data processing platform, 

be compressed since it has an unprecedented 
volume, which brings great challenges to tra-
ditional data storage and processing systems. 
Under limited storage and computation re-
sources, it is important to effectively compress 
the raw data with signal processing or trans-
formation techniques.

There are many challenges to effectively 
compress multimedia big data, such as:
•  multimedia big data is more complex than 

typical, text-based big data, in which struc-
tured, semi-structured, and unstructured 
data need to be handled;

•  because multimedia big data has a large 
volume, effective multimedia big data com-
pressing approaches are needed to achieve 
fast speed;

•  Sometimes a sizable portion of multime-
dia big data is missing and multimedia big 
datasets are often incomplete due to possi-
bly disparate origins.
The typical approaches include Compres-

sive Sensing and Wavelet Transform for big 
data reduction [38]. The authors in [39] use 
a feature descriptor to achieve high com-
pression ratio, which belongs to multimedia 
coding approaches. To design an effective 

presents a multi-level 3-D shape feature ex-
traction framework, which is a three-level 
feature extraction framework employing deep 
learning [8]-[13]. Firstly, the intrinsic prop-
erties are represented by low-level 3-D shape 
descriptors that are extracted. Then, the paper 
discovers middle-level patterns to explore 
geometric relationships among words by en-
coding low-level 3-D shape descriptors into 

Table III.  Characteristics of the compressing methods.

Method Characteristics

Typical approaches [39]
Compressive Sensing and Wavelet Transform for 
big data reduction

Feature descriptor [40] Compact descriptors to achieve compression
Multi-level 3-D shape feature 

Multi-level 3-D shape feature extraction

Multi-view Intact Space Learning 
algorithm [34]

Integrate the encoded complementary information 
in multiple views

Hadoop framework [62] Extract knowledge from Big Data
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fundamental tasks is to explore the large vol-
umes of data and extract useful information/
knowledge for future actions. In this step, 
multimedia big data is often fused together to 
generate a coherent decision. Because multi-
media big data applications/services are typi-
cally real-time, it is very important to process 
effectively large-scale high-dimensional data 
with a tolerable processing time. Several chal-
lenges posed by multimedia big data need be 
addressed, as follows.
•  With continuously generated multimedia 

big data in real-time by many data sources, 
multimedia big data needs to be processed 
rapidly and continuously subject to storage 
and time constraints;

•  multimedia big data is typically dynamic 
in which the data is transient in nature, 
and also have a wide variety since it often 
evolves with time and space;

•  Automated and intelligent analytical tech-
niques should be developed to extract 
knowledge from structured, semi-struc-
tured, and unstructured data by handling 
a very large number of multimedia data in 
real-time;

•  multimedia big data should be processed 
by parallel/distributed, real-time online/
streamed algorithms;

•  since multimedia big data systems need 
large-scale computation, the allocation of 
storage, computation, and networking/com-
munication resources should be optimized.
To process large-scale high-dimensional 

e.g., MapReduce. To address data processing 
and network overload with rapid data volume 
[49], this paper proposed a hybrid-stream big 
data analytics model to perform big data vid-
eo analysis, that contains data preprocessing, 
data classification, data recognition and data 

-
low-learning-based hashing and deep-learn-
ing-based hashing demonstrating state-of-the-

-
dia storage, indexing, and retrieval. Paper [58] 
focuses on content-centric networking (CCN) 
that is one of the key candidate Informa-
tion-centric networking (ICN) architectures. In 
this paper, the effect of several caching strat-
egies in the CCN domain is studied from the 
perspective of network and server overhead. 
The in-network caching performance of CCN 
under several popular cache replication meth-
ods are analyzed comprehensively.

In [60], a NoSQL approach is proposed to 
store big data effectively. NoSQL is designed 
for distributed data stores for very large scale 
data needs, can take advantage of scaling out 
- which means spreading the load over many 
commodity systems. Paper [61] presents a 
high-performance and scalable distributed 
storage and computing system for IMS ser-
vices through different scenarios of service 
provisioning, storing and computing process-
es. Since a database containing a large number 
of 3-D models needs very high spatial cost 
of storing all the aggregated feature vectors, 

codes (SSB) aggregation algorithm. The pro-
posed algorithm encodes a local feature into a 
highly sparse binary code. By summing into a 
compact feature vector, a set of sparse binary 

The characteristics of different methods are 
summarized in Table 4. From the table, it can 
be seen that new storage methods should have 
high-performance and scalable distributed 
storage. Meanwhile, the limitations in cloud 
computing and the IoT should be considered.

For multimedia big data, one of the most 

Table IV.  Characteristics of the storage methods.

Method Characteristics

MARISSA [36]
Integrate NoSQL data stores with MapReduce under 
non-Java application scenarios

Hybrid-stream big data 
analytics model [49]

Key frame extraction

Create effective compact hash codes
CCN [58] Content-centric networking
NoSQL approach [60] Distributed data stores for very large scale data

Distributed storage and 
computing system [61]

Combine the IP Multimedia Subsystem (IMS) platform 
and the Hadoop system for use in the distributed storage 
of IMS service resources
Encodes a local feature into a highly sparse binary code
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bottlenecks in big data, paper [29] proposes to 
exploit recent advances in convex optimiza-
tion algorithms. Based on their investigations, 
the authors show how to design a convex op-
timization approach, suggest unconventional 
computational choices, and show how to make 
key structure-dependent algorithmic approxi-
mation tradeoffs.

In [66], an efficient object-aware anomaly 

focuses on certain object categories. In this 
paper, the normal events are represented by 
extracting histograms of block-motion trajec-
tories and clustering them. To analyze a mas-
sive volume of big data and describe human 
behavior in the social area in real time address, 
a new concept of SmartBuddy is proposed in 

-
system provided by wearable devices, smart 
cities and big data to determine human behav-
iors as well as human dynamics. Since current 
various personalized recommendation systems 
ignore that the accelerated proliferation of 
social media data has led to the big data era, 
a cloud-assisted differentially private video 
recommendation system based on distributed 

-
posed framework modeled service vendors as 
distributed cooperative learners. The proposed 
model considers the sparsity and heterogeneity 
of big social media data.

The characteristics of different methods are 
listed in Table 5. The future methods should 
consider the sparsity and heterogeneity of 
multimedia big data, and handle spatio-tempo-
ral information in real-time. The computation-
al, storage, and communications bottlenecks in 
big data should be reduced.

With the rapid growth of video resources, 
there is a compelling need to resolve auto-
mated understanding of raw multimedia data 
based on visual appearances with a tolerable 
processing time. Due to the semantic gap 
between high-level semantics and low-level 

-
timedia big data with a machine. Especially, 

data, Divide-and-Conquer Anchoring is pro-
posed to tackle nonnegative matrix factoriza-
tion in high-dimensions in [33]. The authors in 
[33] show that Divide-and-Conquer Anchoring 
can locate the anchors precisely, even when 
the high dimensional features suffer from seri-
ous incompleteness. In this paper, the high-di-
mensional anchoring problem is divided into a 
few cheaper sub-problems to seek anchors of 
data projections in low-dimensional random 
spaces. Results indicate Divide-and-Conquer 
Anchoring performs well on various datasets.

To solve several challenges posed by 
crowdsourced multimedia data (such as social 
sensors, vehicle sensors, human sensors, phys-
ical sensors, etc.), the authors in [22] present 
a spatial multimedia big data framework after 
analyzing such multimodal and diversified 
crowdsourced multimedia data. According to 
[22], the big data framework can collect multi-
media data from vehicles, social networks, and 
a very large crowd equipped with multi-senso-
ry smartphones. Furthermore, paper [22] indi-
cates that a very large number of multimedia 
spatio-temporal queries can be handled in re-
al-time with the proposed framework. In [43], 
the authors design a novel community-centric 
framework for community activity predic-
tion based on big data analysis. An effective 
approach is presented to extract community 
activity patterns by analyzing the big data 
collected from both the physical world and 
virtual social space. The proposed approach 
is evaluated with a real dataset collected over 
a 15-month period. In order to reduce the 
computational, storage, and communications 

Table V.  Characteristics of the processing methods.

Method Characteristics
Spatial multimedia big data frame-
work [22]

Handle spatio-temporal queries in real-time

Divide-and-Conquer Anchoring [33]
Tackle nonnegative matrix factorization in 
high-dimensions

Object-aware anomaly detection 
scheme [66]

Confine the analysis to moving objects and 
avoid irrelevant background dynamics
To analyze a massive volume of big data and 
describe human behavior in the social area

Cloud-assisted differentially private Consider the sparsity and heterogeneity of big 
social media data
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(ROA) in order to capture the action related 
information. The classification models cho-
sen are Sparse Representation Classification 
(SRC) and Hamming Distance Classification 
(HDC). To mine rare class in multimedia big 
data which is imbalanced data caused by many 
real-world applications, paper [50] proposes 
a novel concept correlation analysis strategy 
framework through utilizing inter-concept 
correlations between the retrieval scores and 
labels. For summarizing User-generated Vid-
eos (UGVs) by considering both the represen-
tativeness and the quality of the selected sege-
ments from an original video, paper [55] con-
sidered and integrated semantics, emotions, 
and shooting quality since rich semantic and 
emotional contents are contained in UGVs.

In order to bridge the semantic gap between 
high-level concepts and low-level visual fea-
tures, paper [59] proposes a novel system of 
discovering negative correlation for semantic 
concept mining and retrieval, that designed 
to adapt to Hadoop MapReduce framework 
further extended to utilize Spark. Since it is 

their high computing time and memory usage, 
paper [63] proposes a comparative evaluation 
for the simplification of deep compositional 
features by exploring the existing vector quan-
tization and binarization techniques. In this 
paper, a dedicated image searching framework 
is proposed to evaluate all the techniques in 
terms of computational cost, memory usage 
and discrimination preserving. To detect video 
content with various video transformations, 

method based on sparse representation of 
MPEG-2 spatial and temporal features. In this 
paper, the global feature (HSVcolor histo-
grams) and local feature (ORB features) are 
extracted from the key frames extracted based 
on visual saliency model.

The characteristics of different methods 
are listed in Table 6. The above mentioned 
methods should consider sparse representa-
tion of spatial and temporal features by ex-
tracting knowledge relations from structured, 
semi-structured and unstructured text.

some multimedia big data often evolve with 
time and space. It is thus important to develop 
cross-media and multi-modal analytical tools, 
and intelligent analytical techniques to under-
stand the semantics of multimedia data, with 
the explosive growth of videos with no meta-
data provided.

Knowledge Graph is proposed in [31], [32] 
to extract knowledge relations from struc-
tured, semi-structured, and unstructured text. 
A Knowledge Graph consists of a lot of con-
cepts, entities, and relationships, in which var-
ious things in the real world are reflected by 
the concepts and entities. Knowledge Graph 
would help user cognize knowledge complete-
ly by creating a complete knowledge system. 
Before a Knowledge Graph is constructed, 
the entities and relationships can be extracted 
from open sources based on information ex-
traction and pattern matching technologies. 
Paper [32] describes the following five steps 
to construct the Knowledge Graph:
•  to crawl large-scale network corpus;
•  to extract the entities and the relationships;
•  to build the multidimensional graph model 

based on the corpus;
•  to mine the multidimensional relationships 

based on the model; and
•  quantify the uncertainty in the knowledge 

graph.
Knowledge Graph has been applied in 

many applications, including Semantic 
Search, information fusion of broad-spectrum 
knowledge, big data analytics, deep reading, 
among others. Among the current research on 
Knowledge Graph, automatic construction of 
Knowledge Graph is the main method for han-
dling large-scale Knowledge Graph. However, 
more research is needed on Knowledge Graph 
for unstructured data, since many applications 
(such as FreeBased and Wikipedia) only focus 
on structured text and semi-structured text 
data.

For multimedia big data classification, a 
scalable classifiers ensemble framework in 
[48], that integrate the outputs from multiple 
classifier. In the proposed framework, fea-
tures are extracted from the Region of Action 
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•  It is hard to quantify and measure user ex-
perience levels.

•  How to identify and weigh errors according 
to the temporal and spatial features of mul-
timedia big data applications?

•  How to monitor and control multimedia big 
data applications in real-time?

•  How to develop QoE prediction models 
that do not depend on the original videos, 
network, and spatio-temporal features from 
distorted multimedia big data applications?

•  How to define a model to evaluate and 

factor?
•  Various factors should be considered in rel-

evant scenarios.
•  How to design a benchmark for customers?
•  How to design an effective automated 

means to evaluate user experience?
•  How to apply effective mechanism to cor-

relate QoS/QoE metrics?
•  How to assess the QoE quickly and accu-

rately under various standards?
It is vital to monitor and analyze network 

traffic for improved user experience and op-
timizing network resource allocation [26]. 
For network traffic monitoring and analysis, 
existing methods usually rely on a high per-
formance server with a large storage capacity, 
but this approach is not scalable for analyzing 

the authors propose an open-source distrib-
uted computing platform based on Hadoop, 
which is an open-source distributed computing 
platform for big data processing [45]. Since 
Hadoop is a Java-based framework, users are 
required to write MapReduce code in Java, 
where MapReduce developed by Google is 
a major computing model for big data appli-
cations [46]. Since Hadoop has low cost and 
high efficiency, it is widely used to conduct 
large-scale data processing. As a suitable plat-
form for large-scale network measurements, 
Hadoop has several valuable features, such as 
low-cost, scale-out capability, high fault toler-

-
ing. However, Hadoop is originally developed 
for batch-oriented tasks (such as web page 

With the exponential growth of multimedia 
big data applications and services, it is very 
important for the service providers to cater for 
the Quality of Experience (QoE) of end users 

evaluate video quality from the users’ perspec-
tive. Because user experience is subjective, it 
is difficult to accurately evaluate the QoE of 
multimedia big data applications/services. By 
comparing applications user received with the 
corresponding original ones, evaluation scores 
can be obtained with subjective or objective 
tests. A subjective test is usually conducted 
in the laboratory environment, which often 
entails high cost in terms of tome, money, and 
human power. By identifying the objective 
QoS parameters that contribute to user percep-
tual quality, an objective test can be developed 
based on the principle of the Human Visual 
System (HVS). Subjective test cannot be used 
for real-time evaluation in general. Its results 
are often used as ground truth to validate the 
performance of an objective test. Most of the 
objective test methods depend on subjective 
test results to train model parameters.

Challenges on assessment of multimedia 
big data include the following.

Table VI.  Characteristics of the understanding methods.

Method Characteristics
Domain knowledge Graph 
Method [32]

Knowledge graph

Classifiers ensemble frame-
work [48]

Features are extracted from the Region of Action 
(ROA) in order to capture the action related informa-
tion

Novel concept correlation anal-
ysis strategy framework [50]

To mine rare class in multimedia big data which is 
imbalanced data

UGV summarization frame-
work [55]

Consider and integrate semantics, emotions, and 
shooting quality

Novel ICF (Integrated Correla-
tion Factor) algorithm [59]

Discovering negative correlation for semantic con-
cept mining and retrieval

Dedicated image searching 
framework [63]

exploring the existing vector quantization and bina-
rization techniques

Video copy detection method Sparse representation of MPEG-2 spatial and tempo-
ral features
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predicting the QoE of the video streaming ser-
vice.

The characteristics of different methods are 

find that machine learning (ML) algorithms 
are often adopted and more human user-relat-
ed metrics are used.

It is known that a medium-quality response 
obtained quickly can achieve a better QoE 
than a high-quality response obtained slowly 
[28]. Multimedia applications/services are typ-
ically real-time. While multimedia big data is 
continuously generated in real-time by many 
data sources, multimedia big data requires to 
be processed rapidly and continuously subject 
to storage and time constraints. Moreover, 
multimedia big data is typically highly dy-
namic, i.e., the data is transient in nature, and 
also has a wide variety since it often evolves 
with time and space. Therefore, it is necessary 
to design parallel/distributed, real-time online/
streamed processing for analysis, mining, 
and learning algorithms [15]. Considering the 
large-scale computation involved, multimedia 
big data systems need to optimize storage, 

indexing and text mining). It is a challenge to 

The QoE problem has been studied in many 
-

es the relationship between user’s QoE and the 
status of IPTV set-top box. Some statistical 
analyses are conducted. By utilizing a classical 
imbalanced dataset, this paper designs a cost 
coefficient for Adaboost model to achieve a 

machine learning (ML) algorithms (Decision 
Trees, Artificial Neural Networks, Gaussian 
Naive Bayes classifiers, and Support Vector 
Regression machines), and uses empirical 
measurements based on network metrics (e.g., 
delay, packet loss, and packet interarrival) and 
subjective opinion scores reported by actual 
users.

an objective QoE assessment and prediction 
method for HD video stream service that 
evaluated the user experience according to im-
age damage accumulation (IDA). This paper 
established a mapping relationship between 
IDA and mean opinion scores. To provide 
good service and improve user’s QoE, paper 
[80] studies the relationship between alarm-
ing data from IPTV set-top boxes and the 
user’s QoE, uses decision tree video to model 
dataset, adopts information entropy minimi-
zation heuristic to discretize continuous-val-
ued attributes. Paper [81] proposes a novel 
decision-theoretic approach called CaQoEM 
for QoE prediction. In CaQoEM, Bayesian 
networks and utility theory are used to predict 
users’ QoE under uncertainty.

Based on random neural networks, paper 
[82] proposes a cross-layer prediction model 
for estimating the perceptual quality of mobile 
video in no reference mode. To improve the 
quality of IPTV service and the users satisfac-
tion, paper [83] proposes a new attribute called 
user’s viewing custom from the users point of 
view. For subjective video quality evaluation, 
paper [83] creates a mapping between viewing 
time ratio and users QoE. Paper [84] employs 
several machine learning (ML) algorithms for 

Table VII.  Characteristics of the assessment methods.

Method Characteristics
Open-source distributed com-
puting platform [28]

Hadoop is used to conduct large-scale data processing

Statistical analyses

Modular algorithm for us-
Uses empirical measurements based on network met-
rics and subjective opinion scores reported by actual 
users

Objective QoE assessment 
and prediction method for HD 

Objective QoE assessment, establish a mapping re-
lationship between image damage accumulation and 
mean opinion scores

Decision tree [80]
The relationship between alarming data from IPTV 
set-top boxes and the user’s QoE

CaQoEM [81] Decision-theoretic approach
Cross-layer prediction model 
[82]

Estimate the perceptual quality of mobile video in no 
reference mode

Improved CART algorithm 
[83]

Subjective video quality evaluation, creates a map-
ping between viewing time ratio and user’s QoE

MLQoE [84]
For user-centric analysis and prediction of the QoE in 
video streaming
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process and create the synchronized multime-
dia therapy session file, and a therapy player 

-
chronization among the media.

Paper [54] presents an open-source plat-
form enabling developers to create and de-
ploy Real-Time multimedia Communications 
(RTC) applications with advanced media 
processing capabilities, which introduces the 
concept of Media Pipeline and follows a Plat-
form as a Service (PaaS) scheme. In paper 
[64], a big data analysis platform is presented 
for facilitating the public cultural services, 
which based on standard Clould Computing 
platform and Hadoop ecosystem. To effective-

a large image database, paper [65] proposes 
three types of content-based image retrieval 
and a conceptual feature to improve the qual-
ity of content-based image retrieval. The con-
tent-based image retrieval determines the most 
relevant images according to the content com-
parisons between a query image and searched 
images.

-
dation method based on big data technology 
for massive public digital cultural resources, 

really interested in. In this paper, the public 
digital cultural resources are classified. To 
analyze big traffic data for intelligent trans-
portation with different designs of vehicles 
in the same class and the similarity of shape 
and textures between different classes, paper 
[68] proposed a novel method using local and 

real-time traffic system. This paper obtained 
local features by using scale invariant feature 
transform (SIFT), used an efficient L2-norm 
sparse coding technique to reduce computa-
tional cost, extracted vehicle building struc-
tures as structural features, and utilized linear 

-
er.

of non-linear and non-stationary data, paper 
-

computation, and networking/communication 
resources. In addition, GPU computing brings 
about further challenges since multimedia data 
pass through the network at high velocity.

Paper [16] presents a cloud-based system to 
harvest the information in the global camera 
networks in an efficient manner. In the pro-
posed system, the multimedia big data from 
many cameras can be simultaneously analyzed 
by an application programming interface. In 
the global camera network (from instructional 
video in MOOC (massive open online course) 
to commercial movies, from surveillance vid-
eos to home videos taken at birthday parties), 
multimedia big data have wide variety and 
also pass through network at high velocity. 
Since storing multimedia data requires large 
capacity, the cloud-computing technology is 
applied for computing and storage [16].

To solve several challenges posed by 
crowdsourced multimedia data (such as so-
cial sensors, vehicle sensors, human sensors, 
physical sensors, etc.), paper [22] presents a 
spatial multimedia big data framework after 
analyzing such multimodal and diversified 
crowdsourced multimedia data. According the 
[22], the big data framework can collect multi-
media data from vehicles, social networks, and 
a very large crowd equipped with multi-sen-
sory smartphones. Furthermore, paper [22] 
shows that a very large number of multimedia 
spatio-temporal queries can be handled in re-
al-time with the proposed framework [22].

In order to mitigate the computational, stor-
age, and communications bottlenecks in big 
data, paper [29] exploits the recent advances 
in convex optimization algorithms. Based on 
the investigation, the authors show that the 
big data problem is to design a convex opti-
mization algorithm and suggest several un-
conventional computational choices, and how 
to make key structure-dependent algorithmic 
approximation tradeoffs.

To synchronize multimedia data (such as 
audio and video with the 3-D depth skeletal 
data of a patient performing therapy at home), 
the authors in [53] propose a therapy recorder 
that can perform the two-tier synchronization 
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and private manner, a framework is proposed 
in [23], where privacy requirements are cap-
tured in an access control system. The authors 
in [14] propose a big data knowledge engi-
neering framework (BigKE), in which some 
functions are executed including fragmented 
knowledge modeling, online learning from 
multiple information sources, automated de-
mand-driven knowledge navigation, and non-
linear fusion on fragmented knowledge. The 
paper thinks that the fragmented knowledge is 
part of the migration puzzle, where each piece 
does not provide the whole picture, but some 
limited information. Through utilizing the ob-
served phenomenon where user-shared images 
show users’ similarities, the authors in [18] 
present a multimedia big data system, which 
can be as an alternative to user-generated tags 

follower/followee recommendation.
The authors in [19] apply big data technol-

ogies in Virtual Physiological Human (VPH) 
to produce robust and effective medicine 
solutions. The paper thinks that big data tech-
nologies have great potential in the domain of 

ysis algorithm that utilizes General-Purpose 
Graphics Programming Unit (GPGPU) to im-
prove data scalability and reduce computation 
time for large non-linear and non-stationary 
datasets. To fuse the big data technology into 
the process of aircraft health management, a 
design of a big data analysis and application 

aircraft health management. Based on the data 
available to us now and foreseeable future, the 
proposed platform is designed in order to meet 
the current demands.

The characteristics of different methods 
are listed in Table 8. From Table 8, the future 
methods should fuse the big data technology, 
improve data scalability, reduce computation 
time and utilize Clould Computing. Local and 
structural features should be applied into clas-

big data timely.

Because most multimedia big data owners 
must rely on professionals to analyze such 
data, the potential safety risks arise since some 
datasets include private video or sensitive vid-
eo, such as nude photo/video [42]. With the 
proliferation of sensitive data, multimedia big 
data should be managed under sound securi-
ty. It is critical and urgent to consider traitor 
tracing and secure multimedia sharing issues 
for multimedia big data. To securely manage 
access to multimedia big data, we need to 
study the composition and enforcement of pri-
vacy policies. Furthermore, when we design 
distributed data management under security, 
we should consider normal users with very lit-
tle or no domain knowledge or expertise, and 
design a new method to manage privileges of 
multimedia big data by a simple drag and drop 
mechanism [23].

At present, the existing works in the se-
curity domain of big data include digital 
watermarking, authorization, context-aware 
policies, authentication, and MPEG encryption 
schemes. Paper [23] includes some most rel-
evant works in multimedia big data security. 
For sharing of multimedia big data in a secure 

Table VIII.  Characteristics of the computing methods.

Method Characteristics
Cloud-based system [16] Harvest the information in the global camera networks
Spatial multimedia big data 
framework [22]

Handle a very large number of multimedia spatio-tem-
poral queries

Divide-and-Conquer Anchor-
ing [33]

Tackle nonnegative matrix factorization in high-dimen-
sions

Therapy recorder [53] To synchronize multimedia data
PaaS [54] An open-source platform
Big data analysis platform 
[64]

Based on standard Clould Computing platform and 
Hadoop ecosystem

Content-based image retriev-
al [65]

Three types of content-based image retrieval and a 
conceptual feature

Precision recommendation 

A novel method using local 
and structural features [68]

-

New parallel signal data 
To utilize General-Purpose Graphics Programming 
Unit (GPGPU) to improve data scalability and reduce 
computation time for large non-linear and non-station-
ary datasets

Big data analysis and appli- To fuse the big data technology into the process of air-
craft health management
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private manner, a framework is proposed in 
[23], where privacy requirements are captured 
in an access control system. In the proposed 
system, user can compose conflict free pol-
icies for their online multimedia data. For 
secure multimedia sharing and traitor tracing 
issues, the authors in [25] present a scheme, 
which implements the Tree-Structured Harr 
(TSH) transform in a homomorphic encrypted 

analysis in order to protect media distribution 
in social network.

The authors in [51] proposes an analy-
sis model for multimedia data encryption 
optimization, introduces a general-purpose 
lightweight speed tunable video encryption 
scheme, and proposes a series of intelligent 
selective encryption control models. In [69], a 
new scheme based on the Z-curve is proposed 
for protecting the privacy and integrity of spa-
tial data stored in the Cloud while being able 

answering range query over encrypted data 
set, the proposed scheme suggests a new index 
structure. For answering range queries over 
spatial data stored on the Cloud, a distributed 
algorithm is described in this paper.

The characteristics of different methods 
are listed in Table 9. From the table, the new 
methods should consider multimedia big data 
is high-volume, real-time, dynamic and het-
erogeneous.

 M DATA 
A

In addition to the technical challenges, multi-
media big data also enables many news appli-

-
tions reported in the literature in this section.

Through utilizing the observed phenom-
enon where user-shared images show users’ 
similarities, paper [18] presents a multimedia 
big data system, which can serve as an alter-
native to user-generated tags and social graphs 

recommendation. According to [18], it is the 

computational biomedicine. In [20], an inte-
grated approach is proposed, in which a lot of 
technologies are combined including Social 
Network Analysis, Business Intelligence, 
Internet of Things, Big data, GeoSpatial infor-
mation processing, structure and unstructured 
content analysis with Semantic techniques, 
and multimedia resources. By combining as-
sociative in-memory technologies, cloud com-
puting, collaborative processes, and semantic 
technologies, this paper tries to merge and 
analyze information from different sources.

Considering that home based therapy moni-
toring has come to a reality, the authors in [21] 
present a gesture controlled e-therapy online 
framework, which can monitor occupational 
and physical therapy exercise using multime-
dia data acquired by different sensors (such 
as Leap, Myo, and Kineet2). The multimedia 
data is stored in a big data repository. For 
sharing of multimedia big data in a secure and 

Table IX.  Characteristics of the security methods.

Method Characteristics

BigKE [14]

Fragmented knowledge modeling, online learning from 
multiple information sources, automated demand-driven 
knowledge navigation, and nonlinear fusion on frag-
mented knowledge

Multimedia big data system 
[18]

Bag-of-features tagging (BoFT) is used to analyze im-
ages which are annotated with labels

Big Data for Personalized 
Healthcare [19]

Apply big data technologies in Virtual Physiological 
Human (VPH)

CHIS-BI [20]
To focus on behavior analysis performed by monitoring, 
combining and comparing information from different 
types of populations and visits

M u l t i m e d i a  B i g  D a t a 
E-Therapy Framework [21]

To monitor occupational and physical therapy exercise 
using multimedia data acquired by different sensors

SUDRS [23]

Consider normal users with very little or no domain 
knowledge or expertise, and design a new method to 
manage privileges of multimedia big data by simple 
drag

A scheme which imple-
ments the Tree-Structured 
Harr (TSH) transform [25]

to protect media distribution in social network
Implement the Tree-Structured Harr (TSH) transform in 
a homomorphic encrypted domain

Multi-level Intelligent Se-
lective Encryption Control 
Model [51]

Propose an analysis model for multimedia data encryp-
tion optimization

New scheme based on the 
Z-curve [69]

A new scheme based on the Z-curve
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carries out demand-driven knowledge naviga-
tion for personalized services.

In [20], an integrated approach is proposed, 
in which several technologies are combined 
including Social Network Analysis, Business 
Intelligence, IoT, Big data, GeoSpatial infor-
mation processing, structure and unstructured 
content analysis with Semantic techniques, 
and multimedia resources. By combining as-
sociative in-memory technologies, cloud com-
puting, collaborative processes, and semantic 
technologies, this paper aims to merge and 
analyze information from different sources. 
However, the proposed system is focused on 
behavior analysis performed by monitoring, 
combining, and comparing information from 
different types of populations and visits.

Considering that home based therapy 
monitoring has become a reality, paper [21] 
presents a gesture controlled e-therapy online 
framework, which can monitor occupational 
and physical therapy exercises using multime-
dia data acquired by different sensors (such 
as Leap, Myo, and Kineet2). The multimedia 
data is stored in a big data repository. From 
the platform some therapeutic information can 
be mined, such as the most appropriate thera-
py regime, ethnicity, geo-spatial location and 
disability level.

 O OUTLOOK

At present, much literature in the field has 
discussed multimedia big data-related tech-
nologies and proposed some methods and 
techniques. However, multimedia big data-re-
lated research and applications are still in the 
infancy stage, and only limited work has been 

technologies are lacking on a systemic and 
further research. There are many obstacles in 
the development of multimedia big data appli-
cations. Some potential future research direc-
tions are provided as follows.

a) Nonlinear Knowledge Fusion: Gener-
ally, the knowledge of multimedia big data is 
fragmented since this data is often obtained 
from heterogeneous, autonomous sources, 

user-shared images along with more prediction 
methods. In this paper, bag-of-features tagging 
(BoFT) is used to analyze images that are an-
notated with labels.

Paper [19] applies big data technologies in 
Virtual Physiological Human (VPH) to pro-
duce robust and effective medicine solutions. 
This application incorporates some specific 
requirements as follows: sensitive data, com-
plex and heterogeneous data spaces (including 
non-textual information), distributed data 
management under security and performance 
constraints, and so forth. In [19], a guiding 
example is provided to illustrate the big data 
VPH, while the big data problem is considered 

shows that big data technologies have a great 
potential in the domain of computational bio-
medicine [42]. Meanwhile, five major prob-
lems are described in the paper, which have 
intense on-going research activities.

Paper [14] proposes a big data knowledge 
engineering framework (BigKE), in which 
some functions are executed including frag-
mented knowledge modeling, online learning 
from multiple information sources, automated 
demand-driven knowledge navigation, and 
nonlinear fusion on fragmented knowledge. 
The paper shows that the fragmented knowl-
edge is part of the migration puzzle, where 
each piece does not provide the entire picture, 
but some limited information. The frame-
work is composed of three tiers. The first 
tier is fragmented knowledge modeling and 
online learning from multiple information 
sources. The second tier is nonlinear fusion 
of fragmented knowledge, which fuses this 
fragmented knowledge obtained from multi-
ple local sources to acquire a complete set of 
knowledge. Since this knowledge is likely to 
be biased and inaccurate, which is resulted 
by the limited scope of its analysis, the united 
representation and foundation for the con-
struction of knowledge ontology are provided 
in BigKE’s nonlinear fusion process. The third 
tier is automated demand-driven knowledge 
navigation, which takes the unified represen-
tation and the fused knowledge ontology, and 
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tection systems, sport events detection, and 
many others).

d) Real-time, Stream, Distribution, Parallel, 
Online Analytic Methods: With the explosion 
of multimedia applications (such as surveil-
lance video, medical images, entertainment 
and social media, voice and video), their data 
volume grows to an extent that cannot be 
handled effectively by traditional multimedia 
processing and analysis systems [6]. The new 
method should effectively manage multime-
dia big data, which becomes hard to store and 
even harder for multiple scans. Many data 
or performance measures are non-smooth, 
non-linear, non-convex and non-decompos-
able over samples. In many multimedia big 
data applications, it is impossible to obtain the 
eventual data scale since the multimedia data 
is accumulated over time. Furthermore, mul-
timedia big data usually exists in a distributed 
manner where different owners may hold dif-
ferent parts of the multimedia big data. In this 
case, different sources have different degrees 
of importance for different analytical goals. 

noise since they differ in quality.
Moreover, for the same multimedia data, 

different users might have different require-
ments. The new method needs to consider the 
computational and storage loads of multime-
dia big data. In an efficient data-processing 
platform, streamed, distributed, and parallel 
techniques should be adopted to handle multi-

-
timedia data processing approach is critical 
for real-time multimedia big data applications 
where multimedia data is streamed in nature. 
The complexity and scalability problems en-
countered in the development of multimedia 
big data applications should be a focus of fu-
ture research.

e) Human-centric Analysis Methods: Al-
though multimedia analysis technologies 
develop rapidly, there is still a lack of under-
standing of user experience. User experience 
is an important component in multimedia big 
data research since users with different inten-
tions usually have different criterion for the 

which utilize different technologies to acquire, 
record, represent, and process data. To mine 
potential and useful information from frag-
mented data with lower accuracy, nonlinear 
knowledge fusion plays a vital role in the 
multimedia big data era. Research is needed 
so that a new knowledge fusion method can be 
designed. This method would solve the prob-
lems related to heterogeneous multimedia data 
types (such as camera video, interactive video, 
social video, immersive video, etc.), intrinsic 
semantic associations in video data, relation-
ship networks among data, the relationship be-
tween video and the user’s background, and so 
forth. The new method should provide useful 
knowledge by linking data through complex 
relationships.

b) Demand-driven Multimedia Big Data 
Mining: Because the knowledge from mul-
timedia data often evolves with time, space, 
context, circumstance, the observed objects 
and the information extracted are often tran-
sient. In particular, a user’s requirements often 
evolve with time context, circumstances, sce-
narios, content, and the individual’s profile. 
Therefore, the new algorithm should be capa-
ble of predicting future trends and should an-
alyze and model dynamic knowledge together 
with dynamic requirements simultaneously.

c) Dynamic Video Summarization Methods: 
Extracting information from dynamic videos 
containing rich information is confronted with 
a huge challenge. The new method, mentioned 
previously, should also deliver good perfor-
mance. As part of the new method, a video 
should be effectively presented by utilizing a 
series of video frames. In addition, some new 
smoothing measures should be implemented 

It is an especially yet important challenging 
problem to achieve automatic comprehension 
of raw multimedia solely based on their visual 
appearance. Intelligent methods to represent 
a vast amount of videos with no metadata 
should be developed for some typical applica-
tions (which include video surveillance, video 
resources browsing and indexing system, IoT, 
criminal investigation systems, intrusion de-
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er the system maintenance cost. Furthermore, 
multimedia big data network design should 
meet heterogeneity, reliability, scalability, se-
curity, and usability needs, and, furthermore, 
be operated with acceptable costs. Re-pro-
grammable technologies may offer advanced 
solutions to reduce the cost of deploying and 

 C

The emergence of multimedia big data not 
only brings about challenges but also opens 
great opportunities for the development of 
multimedia big data applications. In the 
multimedia big data era, user requirements 
will drive the progress of future multimedia 
technologies. Multimedia big data will not 
only bring about impacts on human living and 
thinking, but also affect social and economic 
development.

As Alan Turing said, “we can only see a 
short distance ahead, but we can see plenty 

contributes to the ongoing cross-disciplinary 
efforts in multimedia big data research by in-
vestigating the background and state-of-the-art 
of multimedia big data-relevant data analytic 
technologies, such as Knowledge Graph, Mod-
eling, Divide-and-Conquer Anchoring, net-
work traffic monitoring tools, representation, 
big data knowledge engineering framework, 
security, and so forth. It offers fundamental 
insights into the various open problems and 
latent directions for the development of multi-
media big data technologies.
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achievement of satisfactory results. We need to 
design new methods to effectively express and 
represent images or video, and make it easier 
to understand the user experience. Meanwhile, 
the new methods should be capable of discov-
ering users’ latent intention from limited ob-
served multimedia big data, since multimedia 
big datasets are often incomplete, due to pos-
sibly disparate sources. In new human-centric 

social networks should be considered to model 
the user’s intention [44].

f) Security: Since multimedia big data has 
an unprecedented volume and is usually stored 
in a distributional manner, security is actually a 
long-standing problem that still remains open. 
For multimedia big data, we should consider 
that different analyzers should have different 
access rights, which should be warranted by 
different data owners. Meanwhile, we should 
also leverage the sources without access to the 
entire data. The new method should avoid the 
violation of privacy concerns. Due to its large 
scale and high diversity, a multimedia big data 
safety mechanism should be designed, which 
includes effective cryptography approaches, 
access control, safety management, and safety 
communication. In addition, some character-
istics should be considered, including attack 
characteristics, loophole characteristics, virus 
characteristics, and so forth.

g) Network Design: With more and more 
network equipment being deployed, it is nec-
essary to make efforts to alleviate the peak 
pressure of network infrastructure and im-
prove the utilization ratio in order to cope with 
the continuous growth of user demand for rich 
media experience. Moreover, existing infra-
structures adopt the relatively static mecha-
nism of system resource provisioning, which 
cannot react fast enough for various emerging 
multimedia applications. To design multimedia 
big data networks with sound performance, we 
need to consider application characteristics, 
users’ demand for an enhanced QoE and rich 
service, a fundamental tradeoff between the 
system cost and user requirements, as well as 
utilizing various enabling technologies to low-
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