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Abstract
With the recent penetration and proliferation of social networks into our lives, human choices and preferences have become 
more socially accessible. This easy accessibility of private data in different formats has opened many new initiatives. The 
big explosion of multimedia data on the web has enabled social networks to gauge user likes, dislikes, and needs. This has 
imposed high demands on multimedia information retrieval (MIR) techniques. This manuscript illustrates the MIR concept in 
terms of its application to social media. It further positions the current research in the field of 3D MIR. Further it highlights 
the challenges in 3-D MIR on social media and finally translates them into significant research directions.

Keywords Multimedia information retrieval (MIR) · 3D multimedia information retrieval (3D MIR) · Social media · 
Multimedia data · Deep learning

1 Introduction

Advancements in technology are fast penetrating into our 
lives, digitizing our personalities in smart ways. Social net-
works (Twitter, Facebook, Snapchat, Instagram, etc.) today 
are proficient enough to learn our likes, dislikes, needs and 
preferences. The core idea behind this intelligence of social 
networks is an underlying neural network that accumulates 
data and utilizes it for other processes such as analysis and 
prediction [1–8]. However, the intriguing question here is 
how do social networks manage to look into our private, less 
comprehensible, and concealed selves. The technique behind 
this novel intelligence of social networks is what is techni-
cally called deep learning [9]. The science of deep learning 

simply explained divides ideas as layers of definitions [10]. 
Hence, smaller concepts collectively abstract to larger ones 
and so on. Hence, with enough input information, a suf-
ficiently layered neural net can learn quite deeply similar to 
the human brain [11–13].

Many varied deep learning technologies have been suc-
cessfully applied onto social networks [3], [14–16]. This 
deep intelligence has been successfully applied to an 
almost infinite collection of consumer data accumulated by 
the world’s largest social networks for varied useful tasks 
[16–19]. Table I below highlights the significant applications 
of deepnet onto popular and large social networks.

Table 1 above is by no means a complete essence of suc-
cessful deep learning applications to gauge social network 
data. However, it gives a strong view of the fact that deep 
learning frameworks have been successfully applied for 
effective usage of multimedia big data available from social 
networks for different business domains [34].

The flow of this manuscript is as follows: Sect. 2 elabo-
rates on how Deep Multimedia Information Retrieval Tech-
niques are being applied for managing the biggest big data 
available on social networks. Section 3 summarizes the tech-
niques available for 3D-multimedia information. Section 4 
highlights the challenges for MIR techniques while giving 
significant future research directions.
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2  Deep MIR on social networks

As per records there are already more than 1.8 billion Face-
book users of which around 800 million spend close to 
40 min per day on the social network each day [1]. From 
these big numbers it is not difficult to analyze that the 
amount of multimedia data available on Facebook alone 
shall be somewhere between some significant tera, peta or 
exabyte numbers growing each day. Multimedia data from 
all social networks combined alone are rightly termed as the 
biggest available big data of present times [34].

To effectively handle this vast multimedia data, multi-
media information retrieval (MIR) techniques have become 
a necessity. To understand and appreciate the need of MIR 
systems we first need to clarify the meaning of few com-
mon terms being used in this manuscript. First, multimedia 
data implies one or more primary data types such as audio, 
video, images, text, graphics, animation, etc. [35]. Multime-
dia information retrieval implies the mechanism of search-
ing for and locating multimedia documents [36] to develop 
multimedia search engines. An important challenge for MIR 
is the fact that the input query here itself might be multime-
dia. However, considerable research has been performed in 
development of effective MIR systems to allow optimum 
usage of vast multimedia data on the web [37]. With the 
growth of available multimedia data on social networks dif-
ferent MIR techniques have also been applied for effective 
management of this social multimedia data.

It may be noted here that though social media has pen-
etrated into our lives in a big way, majority of the multi-
media data here is unstructured [38]. Conventional MIR 
systems are limited in their ability to identify and extract 
unusual information [39]. Majority of this deals with feature 
extraction/retrieval from this data [34]. To optimize perfor-
mance of these techniques recent efforts have shifted towards 
application of deep learning-based techniques. In the recent 
times, deep learning has made its mark in a number of varied 
domains. It has also successfully affected MIR techniques 
applied to social networks for effective information gath-
ering and dissemination [1]. Many varied Deep Learning 
techniques have also given hopeful results in large-scale 
multimedia processing and reclamation [34]. As deep learn-
ing systems are capable of learning features in a hierarchy, 
thus they can prove useful in reducing the semantic gap in 
multimedia data on social networks.

Conventional multimedia computing was restricted in 
capturing multifaceted multimedia content such as text, 
images, audio, and video as it was restricted to specific 
domain knowledge [34]. Deep Learning enables automatic 
representation learning to model the multi-modal data. Many 
significant deep learning-based MIR systems are being suc-
cessfully applied to social networks. Table II below lists 

some important deep learning-based MIR systems success-
fully being applied to social network multimedia data.

Table 2 above elaborates how deep learning has empow-
ered MIR systems to effectively be applied for revolutionary 
advances in varied domains such as speech recognition [52], 
image analysis [53], information retrieval [36, 54], recom-
mendation [48], and natural language processing [22], etc. 
However, this successful application of deep frameworks 
does not imply the end of road has been achieved. Table 2 
also highlights the various unanswered research challenges 
and future research directions that are still open in almost 
every domain.

3  3‑D MIR on social networks

The previous sections successfully documented the suc-
cessful materialization of deep learning-based MIR sys-
tems into varied domains of computing. Recent trends 
have now shifted from single mode information retrieval 
to 3-D multimedia information retrieval (3D MIR) based 
systems. 3D multimedia is an amalgamation of 3D models, 
images, motion data, movies, etc [55]. Single-dimensional 
data retrieval as well as 2-D retrieval mechanisms cannot 
be directly generalized to 3-D retrieval mechanisms [56]. 
Hence, deep research is now directed towards designing 3D 
MIR systems that can accurately recover 3D multimedia data 
analogous to user query component structure in real time. 
This 3D multimedia data have big potential to represent 
complex information [32, 56–61]. Successful application of 
3D-content-based searching from large 3D object reposito-
ries has been performed in numerous domains such as CAD/
CAM [62], biomedical, virtual reality, military, entertain-
ment, etc. Table 3 below elaborates some significant work 
in the same.

Table 3 above enlists certain significant implementations 
of 3D MIR systems. However, it is important to note that 
3-D MIR is the most challenging MIR system as it involves 
mapping similarity-based searching among 3D multimedia 
data [72]. Certain individual challenges of each applica-
tion have been outlined in Table 3 above. However, Sect. 4 
elaborates the significant challenges faced by 3-D MIR 
techniques.

4  Challenges for 3‑D MIR techniques

Deep Learning algorithms are powerful enough to enable 
MIR systems understand the multimedia data at different 
semantic levels and extract user choice of data from the 
same. Quite significant work has been done on applying 
deep MIR technologies to diverse real world usage of big 
data generated through social networks. However, despite 
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its successful applications to varied business domains many 
significant open challenges and research areas still require 
optimal solutions. Simply put the core issues with multime-
dia data on social networks are optimizing storage, process-
ing, indexing and searching of this data. 3D multimedia data 
storage, processing, indexing as well as searching is even 
more challenging as it deals with multimodal data. Simply 
put, 3D information is not effortless to recover [56]. This 
section lists some significant open challenges for 3D MIR 
techniques [73–75]:

 i. Effective acquirement and representation of available 
spatio-temporal data in social networks [1]: acquiring 
social network data involves cleaning and filtration of 
data followed by feature extraction and effective stor-
age and management. As the storage space required 
for such big data is immense, computation cost 
involved rises exponentially. To apply cost-friendly 
techniques for effective as well as optimal storage, 
representation and management of spatio-temporal 
multimedia data from social networks are important 
concerns.

 ii. Scalable and efficient storage and processing frame-
work [34]: 3D multimedia information recovery 
demands a scalable and proficient storage and pro-
cessing framework for the enormous amount of data. 
This challenge demands architectures more robust 
and capable than the conventional database manage-
ment systems. MapReduce Framework has established 
itself as the real, practical yardstick for batch process-
ing of big data. The Hadoop distributed file system 
(HDFS) is one significant technology implementing 
the MapReduce framework in an efficient mechanism. 
Here, data in a Hadoop cluster are stored in blocks and 
disseminated all through the cluster. Further the map 
and reduce functions are run on smaller subsets of a 
larger dataset. Some significant work has been carried 
out recently on the indexing, searching, and analysis 
of multimedia big data using MapReduce framework. 
Table 4 below highlights some of the notable works:

As we can observe from Table 4 above to Map Reduce 
Framework has proven itself as the framework of choice 
for big data processing and storage. However, there are still 
unresolved issues and challenges that still require research 
effort [82, 83].

 iii. Multi-modal study and recovery algorithms [15]: 
evaluating the synergy between the varied media 
including text and context information is a significant 
challenge for MIR systems. Success has been noted on 
single nodal media as well as limited multimedia data. 
However, the same when applied to 3D multimedia Ta
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data becomes more challenging due to the inherent 
complexities of the media involved.

 iv. Bridging the semantic gap [75, 82]: this implies effec-
tively mapping the low-level multimedia features to 
high-level user terms or queries. Enabling meaning-
ful semantic search directed at detection of concepts 
in media with multifaceted backgrounds is an impor-
tant challenge. In 3D-multimedia data this becomes 
even more rigorous as the variety of underlying data 
increases.

 v. Absence of Benchmarked standardized datasets for 
testing algorithms [75, 84]: varied media-related 
standardized databases on which diverse groups can 
test their algorithms are required. For text retrieval, 
it is uncomplicated to acquire big compilation of old 
newspaper texts as the copyright owners do not con-
sider the same to be of much value; however, image, 
video, and speech library owners value their collec-
tions and, therefore, are more guarded in sharing their 
data. While not exactly a research challenge, accessing 
big 3D-multimedia compilations for extensive assess-
ment benchmarking is a realistic and significant issue 
to be addressed. Competitions and events such as 
TRECVID [75] are aimed at making such task-related 
data accessible.

 vi. Implementation of efficient similarity search algo-
rithms [85–89]: similarity matching of 3D shapes is 
a challenging task as they require modes for effective 
representation of the skeletal and topological struc-
ture of the data involved [85]. Establishing accurate 
correspondence between parts of a 3D object is a dif-
ficult task. Hence, searching and matching different 
3D objects in a data set requires selection and imple-
mentation of efficient similarity search algorithms at 
different levels of matching. Varied techniques have 
successfully been applied on 2D multimedia data. 
However, these techniques cannot be directly applied 
to 3D data. When dealing with 3D data, different 
techniques have been successfully applied to different 
types of data [62, 87–90]. However, a generic efficient 
similarity search algorithm for all types of 3D data is 
still a distant dream. Further issues such as sensitivity 
of noise, surface undulations need to be appropriately 
handled on 3D data [58, 70, 91–94].

 vii. Ability to perform partial matching [95, 96]: 3D multi-
media data may not require to be matched completely. 
For many real world applications such as 3D scene 
searching partial matching of 3D multimedia data 
may also serve the purpose [95, 96]. Hence, partial 
matching between 3D objects can also prove to be use-
ful if done appropriately. However, the implemented 
approaches for such matching still suffers from a num-
ber of limitations such as noise, low resolution, etc.Ta
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 viii. Lack of a sustainable 3D file format: currently, there 
exists no generic as well as widespread 3D file for-
mat. All popular 3D tools have their own proprietary 
formats. Hence, what is required is a fundamental file 
format that congregates characteristics of all 3D rep-
resentations into a customizable as well as extensible 
encoding [97, 98].

 ix. The absence of canonical 3D representations: 3D data 
have no canonical representation. Hence, 3D represen-
tations are generally layered across surfaces, volumes, 
and structures. As a result there are no representation-
independent, stable 3D markup, retrieval or query 
techniques available [58, 82, 99].

The above listed are a few main challenges that need to 
be addressed significantly to enable effective and smooth 
knowledge transfer from social networks to commercial user 
realistically plausible [74, 100, 101].

5  Conclusion and future directions

Multimedia information retrieval technology for big data 
on social networks has made momentous progress in recent 
times. The rapid improvements in this technology have 
largely concentrated on development of deep learning MIR 
systems that have resulted in groundbreaking improvements 
in the accuracy of storage, processing, indexing and search-
ing of user desired multimedia data from social networks.

However, despite tremendous effort directed at evolving 
and establishing deep techniques for effective multimedia, 
multimodal information retrieval from popular social net-
works there still remain significant challenges that should 
be addressed before we can claim fully optimal, generic 
and effective commercially viable multimedia information 
retrieval. This manuscript has analyzed 3D MIR techniques 
and their applications and has tried to highlight the chal-
lenges still faced by these systems. From our reasoning we 
can foresee that 3D multimedia data are gaining momentum 
and shall soon result into a huge 3D online data set in the 
near future. To use this large set of 3D documents though 
there shall be multiple specialized tools but notion of gen-
eralized treatment of 3D documents is still far from reality. 
Though 3D shall soon have penetrated significantly into our 
lives making the technology scalable and manageable at the 
large scale of its growth shall remain a challenge.
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