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Abstract—Several multiview video coding standards have been
developed to efficiently compress images from different camera
views capturing the same scene by exploiting the spatial, the tem-
poral and the interview correlations. However, the compressed tex-
ture and depth data have typically many interview coding depen-
dencies, which may not suit interactive multiview video streaming
(IMVS) systems, where the user requests only one view at a time.
In this context, this paper proposes an algorithm for the effective
selection of the interview prediction structures (PSs) and associ-
ated texture and depth quantization parameters (QPs) for IMVS
under relevant constraints. These PSs and QPs are selected such
that the visual distortion is minimized, given some storage and
point-to-point transmission rate constraints, and a user interaction
behavior model. Simulation results show that the novel algorithm
has near-optimal compression efficiency with low computational
complexity, so that it offers an effective encoding solution for IMVS
applications.
Index Terms—Interactive multiview video streaming (IMVS),

multiview video plus depth, popularity model, prediction struc-
ture, view synthesis.

I. INTRODUCTION

I N interactive multiview video streaming (IMVS) systems,
multiple cameras capture the same scene from different

viewpoints and then a user can interactively select the view-
point of his/her preference within a certain navigation range. A
common data format used in these systems is multiview video
plus depth (MVD), where for each texture frame of a captured
view there is an associated depth map, which is required for in-
termediate view rendering purposes. Due to the huge amount of
redundant information present in MVD data, several multiview
video coding1 standards can be used to efficiently compress
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1In this work multiview video coding refers to a general codec for multiview
video, otherwise when referring to the Multiview Video Coding standard the
acronym MVC is used.

MVD data with prediction structures (PSs) that exploit the
interview, spatial, and temporal dependencies, which is usually
the solution for this type of content [1]. While maximizing the
redundancy reduction, in particular the interview redundancies,
is the main target for applications where all the views are stored
and transmitted together, this may not be optimal for IMVS
applications where the user requests only one view at a time
from a large set of available views, where distant views can
considerably differ in the scene content. Indeed, the numerous
coding dependencies in these PSs may bring significant rate
penalties as a request for one view typically implies the trans-
mission of data from many other views that the requested view
depends on. As a result, the optimal prediction structure (PS)
for IMVS applications should be different from other multiview
applications, it needs to offer an appropriate trade-off between
transmission and storage cost. However, most previous works
in multiview video coding have been focused on exhaustively
exploiting the inherent correlation among the views to improve
the overall compression efficiency of multiview video systems,
without paying particular attention to the transmission aspects,
[1], [2], and thus IMVS challenges have so far not been much
addressed.
In this work, our main goal is to find the optimal interview PS

and associated texture and depth quantization parameters (QPs)
to encode a set of views in the context of IMVS. In the con-
sidered IMVS system, given a user's view switch request the
minimal information is sent for view rendering, meaning the
requested view or reference views to render the missing view-
point. We consider depth-image-based rendering (DIBR) tech-
niques in order to render new views from encoded texture and
depth maps.
To better adapt the coding model to the video content along

time, we characterize the user interaction behavior with a view
popularity model [3]–[5], assuming a random access interac-
tivity model, where users can switch to any viewpoint in the
multiview system and not only to neighboring views. This is ap-
propriate for many application scenarios, notably sports events,
where the users suddenly and largely change the point of view.
Transmission and coding rates, and distortion models are pro-
posed in the context of IMVS. Finally, a greedy algorithm is
proposed to find the optimal interview PS and QPs for the tex-
ture and depth maps. The optimal PS and QPs should minimize
the distortion in a system where the point-to-point transmission
bandwidth and the storage capacity are scarce resources. It is im-
portant to mention that the proposed algorithm is not specific of
any coding standard, provided that we are using a temporal and
interview predictive coding solution for both texture and depth
maps. Experimental results show that the proposed algorithm is
able to identify a near-optimal PS in the sense of minimizing the
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distortion while trading off the transmission and storage costs.
At the same time, our PS and associated QPs selection algorithm
leads to a complexity reduction up to 72% compared to an ex-
haustive searching approach.
Contrarily to our previous work [4], where only texture

frames are considered and only coded views are available
for user request, here also virtual views can be requested,
increasing the navigation range and smoothness offered to the
user. In addition, both the PSs and the corresponding texture
and depth maps QPs are optimized in this work, while in [4] we
assumed that the QPs (for the texture information) were known
in advance by fixing the maximum acceptable distortion.
To achieve its objectives, this paper is organized as follows:

Section II overviews the related work. Section III outlines the
main characteristics of the IMVS system under consideration.
Section IV describes the transmission and coding rate, and
distortion models adopted. Then, the optimization problem to
find the optimal interview PS and associated QPs given some
system constraints is formulated in Section V. In Section VI,
a greedy algorithm is proposed to efficiently solve the opti-
mization problem, previously formulated. Section VII presents
and analyses the performance results demonstrating the ben-
efits of the proposed solution considering both the MVC and
3D-HEVC coding standards and finally, the conclusions and
further work are presented in Section VIII.

II. RELATED WORK

IMVS systems challenges have not been much addressed in
the literature, where the focus has mainly been put on the overall
video compression efficiency [1], [2]. However, some predic-
tion structure (PS) selection mechanisms have been recently
proposed for IMVS systems, with the goal of providing multi-
view video with flexible viewpoint switching by trading off the
transmission rate, storage capacity and/or decoding complexity.
In [6], a group of GOPs (GoGOP) concept is introduced,

where interview prediction is restricted to the views from the
same GoGOP. This approach offers a low-delay random acces-
sibility, as well as low-transmission bandwidth cost but leads to
lower compression efficiency.
To save transmission bandwidth, different interview predic-

tion structures are proposed in [7] to code different versions of
a multiview set, in order to satisfy different RD performances.
However, this approach brings a high storage cost at the server,
as its gain depends on the number of PSs used to encode the
multiview sequence.
In [8], a user dependent multiview video streaming for

Multi-users (UMSM) system has been proposed to reduce the
transmission rate due to redundant transmission of overlapping
frames, in a system with multiple users. In UMSM, the over-
lapping frames (potentially requested by two or more users)
are encoded together and transmitted by multicast, while the
non-overlapping frames are transmitted to each user by unicast.
This approach is only useful when several users are watching
the same video at the same time instant. However, in this paper,
we are interested in a unicast transmission, where a one-to-one
communication is established between each user and the server.
In addition, if in [8] a random interactivity model is assumed,

where a user can switch to any viewpoint, as it is assumed in
this work, UMSM must transmit all the views to each user,
which is exactly what we would like to generally avoid in this
work, where the transmission bandwidth is scarce.
In [11], [12] and [13], the authors have studied the PSs that

facilitate a continuous view-switching by trading off the trans-
mission rate and the storage capacity. The authors have consid-
ered a coding system with redundant P- and DSC-frames (dis-
tributed source coding), which is unfortunately not compliant
with common decoders.
A different approach is followed in [14] and [15] where, given

a rate constraint, a set of views is selected at the sender side for
encoding. Then, the set of views are transmitted to the users
from where they may select an encoded view or synthesize an
uncoded view. Differently, we consider the case where only
minimal information is sent to the user to render the requested
view, instead of a large set of views.
In [9], the authors target the transmission bandwidth problem

alone in a 3DTV context by predicting the head position of the
users. They propose to transmit a small number of views at high
quality, such that two views are available for each predicted
head position to render the viewing angle in a stereoscopic dis-
play. After, to conceal the effect of the prediction errors, low
quality versions of all the views are also transmitted. Similarly,
in [10] a joint tracking and compression scheme is proposed to
accurately predict future head positions. In contrast, we consider
in our work an IMVS system where only one view is requested
at a time by the users and thus only the required information to
render the requested view is transmitted to the user.
In [3], a PS selection mechanism has been proposed for dis-

tortion-minimized IMVSwhile trading off transmission rate and
storage cost. However, even when the set of possible PSs pro-
posed is limited, the complexity of this PS selection mechanism
exponentially grows with the number of views in the multiview
set, which is a major disadvantage. In [4], a constructive algo-
rithm is proposed to speed up the PS search with low compres-
sion performance penalty in IMVS systems based on Multiview
Video Coding (MVC).
Finally, the authors in [16] consider the trade-off between

flexibility, latency, and bandwidth when proposing a system to
provide interactive multiview video service in real time. In this
system, three prediction structures are proposed in order to offer
three different interactive experiences to the users. However, the
trade-off presented is found empirically after carrying out a user
study, for which no specific information is given and without
solving any explicit optimization.
In this work, we build on our previous work [4] and consider

now the case where both texture and depth maps are available
for each coded view. This advanced data representation permits
the synthesis of virtual views at the user. Second, we derive an
optimization algorithm to find the optimal or very close to op-
timal PS and associated QPs for texture and depth maps, in a
system where there is a trade-off between the transmission rate
and storage capacity, and the distortion of the decoded views.
This proposed algorithm only requires a temporal and inter-
view predictive coding solution, it is not specific of a particular
coding standard. Finally, we build a highly adaptive framework
where the optimized interview PS may vary at GOP level, in



DE ABREU et al.: OPTIMIZING MULTIVIEW VIDEO PLUS DEPTH PREDICTION STRUCTURES FOR INTERACTIVE MULTIVIEW VIDEO STREAMING 489

Fig. 1. General IMVS system architecture. Coded and virtual views are represented by images connected by continuous and dashed arrows to the texture decoder
and view synthesis blocks, respectively.

order to better adapt the coding model to the video content along
time.

III. IMVS FRAMEWORK

In this work, we consider an IMVS system, where multiview
video coding standards are used to compress texture and depth
data for a limited set of views. The users may not only be in-
terested in the coded viewpoints but also in intermediate view-
points derived from a pair of textures and depths views. The
most relevant characteristics of the IMVS system model con-
sidered in this work are described below.

A. Depth-based Multiview Model
We consider an IMVS system where a set of views,

, is encoded at the sender side. For each coded
view , texture and depth maps are available, allowing
the generation of intermediate virtual viewpoints at the decoder
with an appropriate synthesis algorithm. This set of coded views
may be different from the set of captured ones as the rate may
be limited and/or the position of the cameras capturing the scene
may not always be the optimal one. Between each pair of con-
secutive coded views, some virtual view positions may be avail-
able for user request at aminimum guaranteed quality. The set of
all virtual views is defined as . With the help
of the depth-image based rendering (DIBR) solution [17], [18],
these views are synthesized using the closest right and left coded
views, denoted as for and or simply
as for . In DIBR, pixels from the right and left ref-
erence views are appropriately projected to an intermediate vir-
tual viewpoint position, using the available depth information.
Then, the projected pixels from the reference views are merged
together, e.g., using a linear weighting function that considers
the distance between reference and virtual views [19]. This ap-
proach reduces the occurrence of disocclusions as unknown re-
gions for the first reference view are filled with information from
the second reference view. Overall, the global number of views
available for user request is defined by , where

.
Multiview video coding is applied to both texture and depth

components of the set of coded views. In this paper, two coding
standards are adopted. In the first coding solution, both the
texture and depth components are (independently) coded using
the Multiview Video Coding (MVC) standard, a backward
compatible extension of the H.264/AVC standard [1]. In the
second coding solution, the texture and depth components will

be jointly coded exploiting the inter-component dependencies,
notably between the depth and the texture, using the 3D-HEVC
standard, one of the 3D extensions of the HEVC standard [20].
Based on predefined storage and bandwidth constraints, both

texture and depth images are encoded using the same optimized
PS at their respective QPs, , where and stand
for texture and depth, respectively. The QPs are typically dif-
ferent for the texture and depth data [21], as they have com-
pletely different impact on the final texture quality, and thus
lead to different RD trade-offs. It is important to remember that,
while decoded textures are directly offered to the users, decoded
depths are not; they only serve to generate virtual views (thus
also influencing their texture quality). All coded data is stored in
a server and eventually transmitted when requested. The server
provides an IMVS service to multiple users. We assume that
when a coded view is requested by the user, only the texture
information is transmitted. On the other hand, when a virtual
view is requested, both the texture and depth maps of the closest
right and left coded views are transmitted by the server, if not
already available at the user, so that the user can synthesize the
requested virtual viewpoint. This transmission model ensures
the backward compatibility with traditional video decoders, by
only offering texture information to users unable to synthesize
virtual viewpoints. The same general IMVS system model can
be considered in the stereo video case, where instead of one,
two views are requested by the user, notably considering that
different stereo displays may use different baseline distances.
Then, if the two requested views are coded views, only their tex-
ture information is transmitted to the user. However, if one or
both requested views are virtual views, texture and depth maps
of the closest right and left coded views of one or both view-
points need to be transmitted. Fig. 1 illustrates the general IMVS
system architecture, where the coded and virtual views are rep-
resented by frames connected by continuous and dashed arrows
to the decoder and view synthesis blocks, respectively.

B. Interactivity Model
In our system, the user interactivity model works as follows:
1) Random Access: We consider an IMVS system with

random access characterized by view-switches from/to any
viewpoint in the multiview set, virtual or coded, but occurring
only at the anchor frames of the coded views. Anchor frames
are frames that do not use temporal prediction for encoding,
although they do allow interview prediction from other views
in the same time instant [22]. Generally, random access is
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guaranteed by coding the anchor frames of the independently
encoded views (key views) in Intra mode (I-slices for all frame).
2) View Popularity: To model the user interaction, a view

popularity factor, , is considered to express the probability
that a user selects view at the switching time instant (i.e.,
at the anchor frames) of a group of pictures (GOP) .We assume
that the probability , depends on the popularity
of the views or on the scene content itself but not on the view
previously requested by the user. This may be the case for sports
scenes for example, where a user may be following the moves of
his/her favorite player but at a certain time decides to change to
the most popular view, which is done independently of his/her
current position. We assume a static view temporal popularity
model, meaning that all the GOPs of a given view have the same
probability of being requested by the users, although this may
be easily modified if the temporal characteristics of the content
are considered.

C. Coding Model
Multiview video plus depth coding considers both the

temporal and interview correlations to increase the RD perfor-
mance, reducing the redundancy among different views at the
same time instance and among subsequent frames in time in
the same view position. In this work, the same temporal and
interview PS is used for coding both the texture and depth maps
of the set of coded views . The temporal and interview coding
models to be considered for the optimization of the texture and
depth common PS have the following characteristics:
1) Temporal Coding Model: As commonly done in the lit-

erature, we assume a fixed temporal PS for each view (tex-
ture and depth maps), with hierarchical B-frames/slices [23],
where B-frames are hierarchically predicted from other B or an-
chor frames. Fig. 2 illustrates a typical hierarchical B-frames
PS with 4 temporal layers, denoted with a sub-index from 0
to 3. The arrows in the figure indicate the reference frames
used for the prediction of the various B frames. To control the
quantization steps in the temporal domain, and thus the distor-
tion, a cascading quantization parameters (CQP) [2] strategy
is used. In this strategy, the full set of texture and depth QPs,

, for the anchor frames are encoded with a small
QP (high quality), since they are used as references for the pre-
diction of frames in higher temporal layers. Then, the QPs of
the frames in higher temporal layers are assigned by increasing
the previous temporal layer QP with a pre-defined , which
may also be different for texture and depth. Here, we assume
that even if and can take different values, their value dis-
tribution is the same for all the views in a particular GOP, as
they vary at GOP level. Therefore, for a given PS there is only
one and one that are used for all the texture and depth
maps of the views, respectively. This assumption reduces the
complexity of the search and it is not far from reality as the
content of the various views from the same captured scene tends
to be very similar and as a consequence the optimal QPs should
also be similar among the views.
2) Interview Coding Model: The interview coding models

considered here are based on the two most commonly used in-
terview PSs in multiview video coding standards, namely IBP
and IP [22]. In these PSs, hierarchical B-frames are used in the

Fig. 2. Hierarchical B-frames with four temporal layers.

Fig. 3. IBP and IP interview prediction structures (PSs) for five views. The
temporal prediction structure is based on hierarchical B-frames for all the views.

Fig. 4. Interview coding dependencies example. Two IP PSs are illustrated
along with the coding dependencies: (a) with only one key view (view 0) and
(b) with two key views (views 0 and 2). The frames that need to be transmitted,
in order to decode a GOP from view 3 are shown in grey.

temporal domain while the IBP or IP modes are used for the
anchor frames, determining the interview coding model of both
anchor and non-anchor frames. Although the use of interview
coding in the non-anchor frames is optional, here we use it as
it has been shown to improve the RD performance in typical
sequences [22]. The set of PSs under consideration are illus-
trated in Fig. 3, where only one key view is usually consid-
ered, typically a lateral view, in order to reduce interview re-
dundancy. However, as high compression efficiency is not the
only objective in IMVS systems, we allow here more than one
key view in the two basic PSs (IBP and IP) to reduce the coding
dependencies that penalize the system performance in interac-
tive streaming. This is illustrated in Fig. 4 in the case of two IP
PSs, one with only one key view (view 0) and the other with two
key views (views 0 and 2). We further show (in gray) the frames
that need to be transmitted in order to decode a GOP in view 3.
It can be seen that, due to the interview coding dependencies,
for the PS with only one key view (maximum compression ef-
ficiency) all the frames from the previous views (views 0, 1 and
2) need to be transmitted together with the requested view 3,
while for the PS with two key views, only views 2 and 3 need
to be transmitted. Finally, for benchmarking purposes, we also
consider the simulcasting structure where all the views are key
views (I PS).
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IV. RATE AND DISTORTION MODELING

To fully characterize the IMVS system, we now define the
rate and distortion models considered in this paper. In the fol-
lowing, we use to denote the texture of a frame and to
denote both the texture and depth of a frame. Both and
terms are used to refer to frames fully covered by a single type
of slice, namely I-, P- or B-slices.

A. Coding Rate
The coding rate (CR) is defined as the total number of bits per

unit of time necessary to code both the texture and depth maps
of a multiview sequence and it may be computed as:

(1)

where is the frame rate in frames per second, the total
number of GOPs per view, the number of coded views,
the number of frames per view in a GOP (we assume that all
the views have the same GOP size) and the number
of bits used to code frame of view at time instant
in GOP . The number of bits necessary to code frame de-
pends on the PS and the set of QPs used to code the texture and
depth on each particular GOP , and . It
is important to mention that since we consider that the PS may
vary on a GOP basis, also the texture and depth QPs should vary
in order to better match the system constraints. Typically, a PS
with only one key view, meaning a maximum number of inter-
view dependencies, and a coarse quantization should result in
higher compression efficiency or lower coding rate, , in (1).

B. Transmission Rate
The transmission rate (TR) is here associated to a point-to-

point connection where a dedicated video stream is transmitted
between two network nodes. This transmission model is useful
in content on-demand scenarios where users act independently;
hence there are not many streams that could be shared between
them as normally the probability that two or more users request
the same video stream at the same time is very low. The de-
pends on the PS considered, in particular on the interview PS.
For instance, in order to decode a particular frame, other frames
from the same time instant but from different views might have
to be transmitted and processed before decoding the requested
view. This is illustrated in Fig. 4, where an example of the effect
of interview dependencies is presented. In addition, the also
depends onwhich view is requested by the user, notably whether
it is a coded or virtual view. If the requested view is a coded
view, , only its texture information has to be transmitted.
Otherwise, if the requested view is a virtual view, , both
the texture and depth maps of the closest right and left coded
views have to be transmitted, if not already available, so that the
user can synthesize the requested virtual viewpoint. This is il-
lustrated in Fig. 5, where user A requests a virtual view (view 2)
while user B asks for a coded view (view 5). Then, coded views
1 and 3 (texture and depth maps) have to be transmitted to user
A, in order to synthesize the requested virtual view, while for
user B, only the texture information of view 5 has to be sent.
Before defining the transmission rate TR, we need to define

the so-called frame- and GOP-dependency path size. Similar

Fig. 5. Transmission model example where views ;
and . User A requests virtual view 2 and User B

coded view 5 (dashed arrows). Coded views 1 and 3 have to be transmitted to
user A, in order to synthesize the requested virtual view, while for user B only
the texture information of view 5 need to be sent.

to the transmission cost defined in [11], the frame-dependency
path size corresponds to the number of bits that have
to be transmitted to be able to decode or synthesize a partic-
ular texture frame from view . The definition of
depends on whether corresponds to a frame from a coded
view, , for all , or from a virtual view, , for all

. If corresponds to a frame from a coded view, ,
is recursively defined as:

(2)

where and are the spatial and temporal reference
frames for , respectively. The frame corresponds to
the reference frame of from the same time instant but from
one of the two neighboring views (depending on the interview
PS), while frame is a reference frame from the same view

and GOP , but at different time instant. In (2) each
frame is considered once, so redundancy is avoided.
On the other hand, if corresponds to a frame from a vir-

tual view, , the texture and depth data of the closest right and
a left coded view, and , for , need to be trans-
mitted and decoded in order to synthesize frame . There-
fore, becomes:

(3)

where, and are still the frame dependency paths
of frames and , where both texture and depth data are
considered. Remember that here we consider that texture and
depth data use the same optimized PS, so that the coding de-
pendencies are the same for both data types. Then, and

are recursively defined as in (2); for instance, in the case
of we have:

(4)
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The frame-dependency path size for the left reference view,
, is similarly defined.

As a consequence, the number of bits required to decode or
synthesize all the frames in a GOP of a particular view ,
named GOP-dependency path size , is defined as:

if
if

(5)

Finally, we compute the overall expected point-to-point
transmission rate, TR, as:

(6)

where is the expectation of the GOP-dependency path
size , which is defined as , consid-
ering the view popularity model, , to express the user pref-
erences for the various views in a particular GOP, common for
all the views. Therefore, assuming that the texture and depth
QPs are fixed, by increasing the GOP-dependency path size (by
increasing the number of interview dependencies), the in-
creases. This is the opposite of what happens for .

C. Distortion
The average distortion for GOP in view , , corre-

sponding to the coding noise associated to the quantization
process, is taken as the temporal average of the distortion per
frame in GOP , :

(7)

If the view corresponds to a coded view, , its
distortion depends only on the texture QP, . Otherwise,
if is a virtual view, , its distortion , depends both
on the texture and depth QPs, , used to encode
the right and left reference views; . Remember that is
constant for all the correspondingGOP in the various views. The
distortion perceived by the user for a particular GOP takes the
value with probability (considering the view popularity
factor). Then, the expected distortion in a specific GOP , ,
for the multiview sequence is defined as:

(8)

Note that the distortion of both coded and virtual views,
and , mainly depends on the QPs of the coded or reference
views and not on the PS chosen.
We measure the distortion due to different coding choices in

order to select the best coding strategy. To quantify the distor-
tion of the coded views, , we measure the mean-squared-
error (MSE) between the original view and its coded version.
Regarding the distortion of the virtual views, , typically there
are no original frames available to compute the same metric or

any full reference objective quality metric. A commonly used
solution available in the literature consists in computing a vir-
tual reference view from the uncompressed texture and depth
data of the closest right and left coded views. Then, this syn-
thetic view is taken as benchmark to evaluate the distortion,
e.g. the MSE, of the same view synthesized from the decoded
reference views [24]. Alternatively, one could use a distortion
model for the virtual views, instead of computing it explicitly
using the available data. However, it is hard to build good dis-
tortion/quality models due to the numerous dependencies of the
synthetic views, so we preferred to compute the distortion using
the view synthesized from the uncompressed data.
Finally, the expected distortion for the overall multiview se-

quence is defined as:

(9)

Hereafter, for the sake of simplicity, we use the terms distor-
tion and transmission rate when referring to the expected distor-
tion and expected point-to-point transmission rate per sequence,
respectively.

V. PROBLEM FORMULATION

After describing the main characteristics of our IMVS
system, we shall now formulate the optimization problem.
The problem addressed here is to find the optimal texture and
depth interview PS per GOP, ,
together with their associated optimal texture and depth QPs,

to encode a predefined set of views,
minimizing the distortion while considering the following
storage and bandwidth related constraints:
• Storage constraint—For convenience, we express the
storage capacity of the system as a rate, , notably as
the total number of bits per unit of time used to code all the
views, considering both texture and depth. The constraint
states that the coding rate shall not exceed the maximum
storage capacity of the system, .

• Bandwidth constraint—Moreover, the transmission rate,
TR, for each user is limited by the maximum data rate sup-
ported by the network for any user, namely .

In summary, the optimization problem may be written as
follows:

(10)

such that,

where , and are calculated as in (1), (6) and (9), re-
spectively. When all the GOPs have the same probability of
being requested by the user, meaning a static view temporal pop-
ularity model is assumed, the optimization problem defined in
(10) can be independently solved for each GOP. Then, the op-
timal PS per GOP , and associated texture and depth QPs,

, corresponds to those minimizing the GOP distortion, ,
as defined in (8):

(11)
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such that,

where the expressions for the storage and bandwidth constraints
are calculated from (1) and (6), respectively.
For the sake of simplicity, we assume that an optimal bitrate

allocation (eventually at GOP level) between texture and depth
is known. A different texture and depth rate ratio is expected for
different sequences, as it has been shown to be content depen-
dent [25], [26].

(12)

Solving the combinatorial optimization problem defined in
(11) can be very computationally intensive, notably if exhaus-
tive search (ES) is applied. Indeed, the number of possible in-
terview PSs exponentially grows with the number of views in
the multiview set, and for each PS multiple texture and depth
QPs configurations are possible. Therefore, in the following sec-
tion we propose a greedy algorithm that finds near-optimal PSs
and associated texture and depth QPs, with remarkably reduced
complexity, able to minimize the distortion under storage and
bandwidth constraints.

VI. OPTIMIZATION ALGORITHM

In this section, we propose a novel optimization algorithm
that is able to find, for each GOP over all views, with a reduced
complexity, a near-optimal PS with associated texture and depth
QPs, given some IMVS system constraints. To significantly
reduce the overall complexity regarding an exhaustive search
(ES) approach, we propose a greedy optimization solution,
which basically reduces the set of considered PSs without sig-
nificant compression performance penalty. With this approach,
the problem in (11) is solved by breaking it down into a series
of stages, , which are successively solved, one after the other.
To better understand these different stages and how they depend
on each other, we adopt a graph to embody all this information.
Then, for each GOP over all views, the optimization problem
in (11) is solved based on this stage graph.

A. Stage Graph Creation
The stage graph defines the various phases of the solution for

the problem in (11). Each stage includes a set of associated
states representing the possible PS solutions at each phase of
the proposed algorithm. These PSs are then processed in order
to find the best PS and QPs in the stage, denoted as and

. The states of consecutive stages are linked if they contain
a similar sub-structure, which is defined in terms of key views
position. In the following, we describe the two main steps in
the stages graph creation process, notably the states and links
definition.
1) States Definition: We define the states in our stages graph

in terms of the number of key views in the interview prediction
structure. Thus, the states in a particular stage correspond to the
PSs with the same number of key views (e.g., ), in

Fig. 6. Example of a three stages graph definition and PS selection. (a) Stages
states and link definition; (b) Sub-stage , given that

.

different positions of the multiview set. We start by including
in the first stage, , all possible PSs (for the IBP and IP PSs
considered in this paper) with only one key view. This corre-
sponds to the solutions with the maximum number of interview
coding dependencies, thus associated with maximum compres-
sion efficiency and also maximum transmission rate in an IMVS
system. Then, we gradually increase the number of key views
in the PSs as we move towards the following stages, until the
last stage, , where all the views are independently en-
coded. This corresponds to the absence of interview coding de-
pendencies, hence minimum compression efficiency and min-
imum transmission rate in an IMVS system. Therefore, for fixed
texture and depth QPs, by moving from stage to stage ,
we are, in general, moving along solutions from a maximum

(minimum CR) to a minimum (maximum CR), as the
redundancy between the views increases i.e., the number of in-
terview dependencies decreases.
2) Links Definition: To link the states of two consecutive

stages, we assume that the optimal PS, , in a particular
stage for a specific GOP , determines the optimal position of
the key views in the final optimal PS. This means, for example,
that the optimal PS in determines the positioning of one of
the key views in the optimal PS solution. Therefore, a link is de-
fined between two states , , associated to and
from stages and , if the key views in keep
their position in . This is illustrated in Fig. 6(a) where the
different states are represented by circles and the links are de-
fined between PSs of consecutive stages that preserve the key
views position. The set of PSs in stage linked to a same PS
in stage , , is called a sub-stage of and denoted
as , given . In this work, there is only
one sub-stage relevant for each stage, this means the one corre-
sponding to the optimal PS in the previous stage. Therefore, to
shorten the sub-stage notation, here a sub-stage of is denoted
as , which is associated to , while stands for the
number of states in . For instance, in Fig. 6(b), the IIP, IPI
and IBI PSs define , given that IBP. In the partic-
ular case of stage , , as there is no previous stage.

B. Iterative PS and Texture and Depth QPs Selection
The stages of the graph are successively processed for each

GOP of the multiview sequence, starting with stage , until
the adopted stopping criterion is fulfilled, meaning that the best
PS for a particular GOP , , (defined over all the coded
views) has been found together with the optimal texture and
depth QPs, . At each stage , only the PSs in the sub-stage
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Fig. 7. Flowchart of the proposed optimization algorithm, after the stage graph
creation.

, given , are processed to find the optimal PS and ,
this means and . The flowchart in Fig. 7 summarizes
our optimization algorithm, after the creation of the stage graph.
The optimal PS for GOP and sub-stage , , and

associated optimal texture and depth QPs, , are found by
alternatively solving the problem in (11) for the PSs and QPs in

. In particular, the following steps are followed for each ,
starting with :
1) Initialize : For each PS in sub-stage , find

that satisfies the texture and depth components of the
storage constraint, as defined in (12).We denote it as , which
is associated to from sub-stage and state ,
as may take different values for different PSs in . By
initializing , for each PS in , , such that it satisfies
one of the problem constraints in (11), we are trying to find a
set of texture and depth QPs that is close enough to the optimal
one. Here, we have only considered the storage constraint, but
the bandwidth constraint could have been also used if preferred.
2) Find Optimal PS, : Here, we optimize the problem

in (11) only for the PSs in , while the texture and depth QPs
set is kept fixed for each PS. In particular, we consider
(Section VI-B-1) as the QPs set for each PS in . Hence,
the problem addressed here is to find the optimal PS in for
the GOP , , that minimizes the GOP distortion given
some storage and bandwidth constraints:

(13)

such that,

where we do not consider the texture and depth components of
the independently, as for each PS we have already found
the texture and depth QPs fulfilling the storage constraint for
the texture and depth maps (Section VI-B-1).
To solve the combinatorial problem in (13), we apply the

Lagrangian relaxation approach, where according to [27] the
constraints are first relaxed by adding them into the objective
function with an associated weight (the Lagrangian multiplier).
In our case, we move the storage and bandwidth constraints,
as in (13), to the objective function with the Lagrangian mul-
tipliers, . Each Lagrangian multiplier represents
a penalty to be added to a solution that does not satisfy the
considered constraints. Then, the problem in (13) is relaxed as
follows:

(14)

In (14), we have eliminated the constraints from (13), but the
number of variables has increased with the number of elimi-
nated constraints or the number of Lagrangian multipliers used.
To find the optimal values for the Lagrangian multipliers, and
, we solve the Lagrangian dual problem [27]:

(15)

Finally, considering only the PSs in , the best PS for GOP
and stage , , is the one minimizing (14) for the optimal

Lagrangian multipliers obtained in (15).
3) Find Optimal , : Given the optimal PS in and

GOP , , the problem addressed here is to find the op-
timal set of texture and depth QPs, minimizing the distor-
tion given some storage and bandwidth constraint:

(16)

such that,

Differently from 13, here we consider the texture and depth
components of the independently, as we need to find the
set of texture and depth QPs, , satisfying these constraints,
while in 13, for each PS, we have already selected the set
satisfying both of the constraints.
As in Section VI-B-2, to solve the problem in (16), we apply

the Lagrangian relaxation approach with the Lagrangian multi-
pliers, :

(17)
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In order to find the optimal , and values, we solve the
following Lagrangian dual problem:

(18)

Then, the best for GOP and stage , , is the one min-
imizing (17) for the optimal Lagrangian multipliers obtained
in (18).
The optimal PS, , found in Section VI-B-2 using ,

with high probability, is not changed after modifying the texture
and depth QPs to the optimal ones, . This is due to the sim-
ilarities between PSs compared in each stage of our algorithm.
This statement is further justified in Section VI-D. Therefore,
there is not need to recalculate the optimal PS of the current
sub-stage for the new texture and depth QPs, .
Before moving to the following stage, the stopping criterion

needs to be checked. This is explained in the following.

C. Stopping Criterion Checking

The decision to process the next stage in the graph or to stop
the PS selection algorithm at the current stage depends on the
fulfillment of the following stopping criterion. If is larger
than , then stop the optimization algorithm as

and define the locally optimum solution,
since moving to the next stage will increase the Lagrangian cost,
which is not desirable. In other words, by moving from stage

to stage , at a fixed quality, we are in general moving to
solutions with higher coding rate and lower transmission rate,
as the number of interview coding dependencies decreases from
one stage to the other. Then, an increase of , as defined in (17),
means that the distortion has increased in order to satisfy the
storage capacity constraint. Thus, as wemove forward to the fol-
lowing stages, after the first increase of the value, we expect

to monotonically increase, as the will become higher (for
a fixed quality level). As a result, moving to upcoming stages,
after the rise of the Lagrangian cost , will only increase the
complexity of the algorithmwith no benefits in terms of reduced
distortion.
It is important to mention that, if is the last stage of the

graph, , and then the locally optimal
solution is defined by the current solution and

.
Following this approach we achieve a major reduction on the

complexity associated to solving the optimization problem at
the price of slightly losing optimality. Although this greedy al-
gorithm determines the optimal PS (and associated optimal )
at a sub-stage level, the final PS may not be the global optimal
one, as at each stage some PSs are ignored. Remind that under
the assumptions made, there is only one sub-stage relevant for
each stage, this means the one corresponding to the optimal PS
in the previous stage. However, a good performance is expected
as when adding a new key view at each stage, it is very unlikely
that the previous views do not maintain their optimal position
in the multiview set. This argument becomes stronger as be-
comes larger as the key views positions providing higher gain
are chosen in the first stages of the algorithm. This is confirmed
with the experimental results.

D. Sub-stage Optimal PS and Relationship

We discuss here why it is reasonable to claim that, at each
stage of our greedy algorithm, the optimal PS, , tends to
be independent of the level of quality or the QPs used to encode
the texture and depth maps, . This is important to
justify the decision taken in Section VI-B of not recalculating
the optimal PS for the obtained .
For the PSs considered in this work, the various views are

different in terms of the type of coding used at the anchor frame
time, meaning an I- P- or B-frame (meaning frames with I, P or
B slices). Empirically, we have seen that for the same coding
conditions, each type of frame, I, P (in anchor frame position)
and B (in anchor and non-anchor frame position) tends to have
the same number of bits as another frame of the same coding
type in a different view but at the same time instant. This is true
because, we compare frames with similar motion characteris-
tics, as they are frames from the same time instant and the scene
is typically captured with equidistant cameras. Then, when we
compare the between the PSs with the same quality and the
same number of key views, as it is done at each stage of the
graph of our greedy algorithm, the number of bits required for
each PS is very similar. In general, the values are closer
for IP PSs than for IBP PSs, as IP PSs are more similar than
IBP PSs. In particular, for the same number of key views, IP
PSs have the same number of P anchor frames while IBP PSs
may have different number of B and P frames, depending on the
position of the key views. On the other hand, when, for a partic-
ular quality level, we compare the between the PSs with the
same number of key views (from the same graph stage), the ex-
pected number of bits per unit of time that is needed to decode a
view may change from one PS to another. This occurs since the
relative position of the different views in the multiview set and
the view popularity distribution have a great impact on the
value (please, refer to Section IV-B). However, as explained be-
fore, the PSs compared have, most of the time, the same frame
types, as they are PSs from the same graph stage and almost the
same number of bits for each frame type. Therefore, as the QP
decreases (increases), we expect that the proportion of the in-
crease (decrease) of the transmission rate is the same for all the
PSs in the same graph stage. This means that the difference
between PSs at different QPs is very much constant, making the
optimal PS independent of the QP selected.
This can be better understood through an example. Let us con-

sider the multiview sequence Poznan_Hall2 [28] where
coded views and one virtual view between each pair of coded
views are considered, for a total of views. Let
us also assume a uniform popularity distribution, which means

. The seven views available at the server
side are encoded using the MVC reference software JMVC v8.2
[29] with all the possible IBP PSs with one key view (corre-
sponding to the IBP PSs in the first stage of our greedy algo-
rithm), where the texture QP, varies and the depth QP is
kept fixed, (related to the optimal values shown in
Table ?? for Poznan_Hall2 sequence). Figs. 8(a) and 8(b) show
the relationship between and and and , respec-
tively, for all IBP PSs with a single key view this means in stage
. The charts show that for different IBP PSs the is very
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Fig. 8. Relationship between (a) and , and (b) and for IBP PSs
with one key view. Poznan_Hall2 [28] sequence is considered, where a total of

views are available for request ( and ).

similar, where the number of P and B views may be different as
they depend on the position of the key views. For , PSs with
less B-frames as anchor frames tend to have better performance.
However, the curves representing the efficiency of the PSs (in
terms of or ) are rather parallel, for both and ,
which means that the efficiency difference between the PSs is
independent of the quality level. Therefore, the optimal PS in a
particular stage of our greedy algorithm is very much indepen-
dent of the quality level. The same behavior has been observed
for IP PSs and for PSs with more than one key view.

VII. PERFORMANCE ASSESSMENT

This section presents the test conditions and performance re-
sults obtained in different scenarios when the PS and associated
texture and depth maps QPs search is performed with our pro-
posed algorithm.

A. Content and Coding Test Conditions
As multiview video coding standards, we have considered

the MVC, with the reference software JMVC v8.2 [29], and
the 3D-HEVC, with the reference software HTM 6.2 [30]. As
multiview data, we have used the sequences Poznan_Hall2
[28] (1920 1080, 25 Hz), Pantomime [31] (1280 960,
30 Hz), Book Arrival [32] (1024 768, 16.67 Hz), GT_Fly
[33] (1920 1080, 25 Hz) and Undo Dancer [34] (1920
1080, 25 Hz). Fig. 9 illustrates some frames of the considered
sequences. While Poznan_Hall2, Pantomime and Book Ar-
rival are real captured scenes, GT_Fly and Undo Dancer are
computer-generated scenes. For all sequences, a GOP size of

8 frames has been adopted as specified in JCT-3V common
test conditions [35]. In the temporal domain, the CQP strategy
has been used with a fixed equal to 0, 3 and 1 when the
temporal layer was equal to 0, 1 and larger than 1, respectively.
This is a common setting for multiview test sequences. For
each sequence, the following conditions have been considered:
• Poznan_Hall2 [28]— coded views and vir-
tual views, each located between two coded views. The
seven coded views correspond to the views captured by the
first seven cameras. The cameras are horizontally arranged
with a fixed distance between neighboring cameras of ap-
proximately 13.75 cm.

• Pantomime [31]— coded views and vir-
tual views, each located between two coded views. The
ten coded views correspond to the captured views

. The cameras are horizontally arranged with a
fixed stereo distance.

• Book Arrival [32]— coded views and vir-
tual views, each located between two coded views. The
five coded views correspond to the captured views

. The cameras are horizontally arrangedwith
a spacing of 6.5 cm.

• GT_Fly [33]—The five available views are taken as coded
views, , and virtual views,

. In this sequence, cameras are equidistantly
arranged but the camera separation changes with time in
order to preserve the 3D perception of the various scenes
types: “landscape-view” and “near-view” scenes.

• Undo Dancer [34]—As for GT_Fly, the five available
views are taken as coded views, , and

virtual views, . The cameras for this
sequence are horizontally arranged with a fixed distance
of 20 cm between neighboring views; this means that
there are 80 cm of separation between the captured views
5 and 9.

For the sequences Poznan_Hall2, Pantomime and Book Ar-
rival not all the depth maps for the coded views are provided.
Therefore, we used the MPEG depth estimation reference soft-
ware (DERS) [36] to generate the missing depth maps of these
three sequences. In addition, we used the MPEG view synthesis
reference software (VSRS) [37] based on DIBR, to synthesize
the virtual views of all the considered sequences.
Depending on the content characteristics, this means after

visual inspection, we have assigned different view popularity
distributions to different sets of frames in the considered se-
quences. The view popularity distributions assumed here are:
uniform (equally distributed popularity among the views), ex-
ponential (most popular views are located at the left end of the
multiview set), inverted exponential (most popular views are
located at the right end of the multiview set), Gaussian (most
popular views are located at the center of the multiview set) and
U-quadratic (most popular views are located at the borders of
the multiview set) [3], [4]. Table I shows the frame sets encoded
for each sequence and the different popularity distributions as-
sumed for each set. For instance, for the sequence GT_Fly two
types of scenes have been considered, one where the region of
interest of the scene is at the right end of the multiview set
(Fig. 9(g)) and another one where the major attention is ex-
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Fig. 9. Content characteristics examples for the frame sets for each test sequence: (a) and (b) Poznan_Hall2, (c) and (d) Pantomime, (e) Book Arrival, (f) Undo
Dancer and (g)GT_Fly. (a) Poznan_Hall2 sequence, coded view 0, frame 40. (b) Poznan_Hall2 sequence, coded view 0, frame 200. (c) Pantomime sequence,
coded view 37, frame 1. (d) Pantomime sequence, coded view 37, frame 370. (e) Book Arrival sequence, coded view 8, frame 50. (f) Undo Dancer sequence,
coded view 1, frame 56. (g) GT_Fly sequence, coded view 3, frame 1. (h) GT_Fly sequence, coded view 3, frame 135.

pected to be at the center of the scene (Fig. 9(h)). Therefore, we
have assumed the inverted exponential and the Gaussian distri-
butions for the first and second sets of frames, respectively. A
similar reasoning has been applied to the other sequences when
selecting the different sets of frames and their associated pop-
ularity distribution. As the sequences Book Arrival and Undo
Dancer are very homogeneous in time in terms of the position

of the region of interest of the scene only one set of frames
(frames 0–50) has been considered. Sample frames of the con-
sidered frame sets for each sequence are presented in Fig. 9.
We also considered, for Book Arrival sequence and its unique
set of frames, two different popularity distributions (Gaussian
and uniform) to conclude about their impact on the PS and QPs
selection.
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TABLE I
TEST CONDITIONS: ENCODED FRAME SETS AND POPULARITY

DISTRIBUTION FOR EACH TEST SEQUENCE

TABLE II
TEST SCENARIOS: BANDWIDTH AND STORAGE CAPACITY FOR EACH SEQUENCE

B. Storage and Transmission Constraints
Given the different sequence characteristics, the best PS and

associated texture and depth maps QPs have been found for var-
ious scenarios defined in terms of bandwidth and storage ca-
pacity. These scenarios are specified in Table II for each se-
quence under consideration. The defined and
values were chosen in order to have a good video quality in
terms of PSNR (30–40 dB). These values are different for the
various sequences due to the particular content characteristics
and image size. Regarding the allocation of the texture and depth
coding rate, and , we empirically found the
appropriate ratio of the rate that provided the lowest expected
distortion, as defined in (9). For instance, for the Book Arrival
sequence the best percentage of rate allocated to the depth, ,
would be around 40% of the available bitrate budget. These
values are consistent with the texture and depth maps rate al-
location results available in the literature [25], [26], where they
observe that the optimal bitrate ratio is significantly different
depending on the sequence characteristics.

C. Results and Analysis
In Table III and IV, the optimal PSs and associated texture and

depth maps QPs are shown for each sequence and set of frames
whenMVC and 3D-HEVC are used as codecs, respectively. We
compare the performance of our proposed algorithm with the
exhaustive search (ES) approach, which guarantees to find the
global optimal PS, this means the PS minimizing the distortion
while fulfilling the storage and bandwidth constraints. In the
exhaustive search approach, at each stage of our graph, all the
PSs and possible QPs are evaluated, while in our optimization
algorithm only the PSs in each sub-stage are considered. Due

TABLE III
MVC GREEDY AND EXHAUSTIVE SEARCH SOLUTIONS:

RESULTS AND PERFORMANCE COMPARISON

TABLE IV
3D-HEVC GREEDY AND EXHAUSTIVE SEARCH SOLUTIONS:

RESULTS AND PERFORMANCE COMPARISON

to the content similarity and fixed view popularity distribution,
the and found for all GOPs, of each frame set, were
always the same. Therefore, in Table III and IV only one
and are shown per frame set and sequence.
The comparison between the proposed greedy algorithm and

the ES approach is done here in terms of the Lagrangian cost as
specified in (18), and the computational complexity, measured
as CPU execution time. We use the normalized difference of
the Lagrangian, , and the difference of execution time, ,
both in percentage. In particular,
and , where the indexes and
are used to differentiate the Lagrangian and execution time

obtained with exhaustive search and with our proposed greedy
algorithm, respectively. The closer is to zero, the closer the
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obtained PS solution is to the optimal solution in terms of RD
performance. Moreover, the closer is to 100%, the larger is
the complexity reduction obtained with the proposed algorithm
compared to exhaustive search.
In general, the results obtained with the 3D-HEVC codec

(Table IV) are very similar to the ones obtained with the MVC
codec (Table III), which shows how our proposed selection al-
gorithm is independent of the specific codec used. The differ-
ences are due to the higher efficiency of the 3D-HEVC codec
compared with MVC, obtaining PSs with lower optimal

, and to the limitations of the 3D-HEVC reference soft-
ware HTM. In the 3D-HEVC codec only 2 or 3 views can be
coded, which limits the possible PSs as at least one key view
should be available for every 3 coded views. For instance, in
the case of the only two possible PSs with 3D-HEVC
with one key view are: PBIBP and PPIPP. On the other hand,
the MVC reference software provides more freedom when se-
lecting the number and position of the key views.
As it can be seen from Table III and IV, the proposed algo-

rithm is able to identify the global optimal PS or
near-optimal PS with a complexity reduction
of up to 72%, in comparison with the ES algorithm. The
variation of the complexity reduction with the sequences is
due to the number of coded views considered and the number
of key views we are able to allocate, given the and
constraints. The larger the number of coded views and allocated
key views, the larger the complexity reduction is, as the number
of PSs considered with our algorithm, compared with the ones
considered with the ES approach, gets smaller. This is the case
of Poznan_Hall2 sequence, where our algorithm achieves a
lower complexity reduction when 3D-HEVC is used compared
to when MVC is used, as the possible PSs are fewer with the
3D-HEVC codec than with the MVC codec.
In general, we can observe an alignment of the optimal PSs

with the popularity models, where for both the greedy and the
ES algorithms, the chosen PSs allocate the key views to the most
popular viewpoint positions. For instance, for the Book Arrival
sequence, and the same set of frames, different allocations of
the key views are proposed for the two popularity models con-
sidered, namely Gaussian and uniform. This is not so obvious
for the GT_Fly and Undo Dancer sequence, where for all the
view popularity distributions the optimal key views take the lat-
eral position in the multiview set. This is due to the non-uni-
form distribution of the coded and virtual views. For instance,
when the MVC codec is used, the optimal chosen key views are
the two coded views 5 and 9, which serve as reference views
to render the virtual views considered. To render virtual views

coded views 5 and 9 are needed as reference
views, while virtual view requires coded view 5 as the
right reference view. Therefore, since six ({4,5,6,7,8,9}) out of
nine available views for user request need coded views 5 and/or
9, it is expected that they should be independently encoded, as
they contribute with most of the transmission bitrate.
Different from common PSs in the multiview compression

literature, the best PSs, shown in Table III and IV, have more
than one key view. This solution results from the trade-off be-
tween minimizing the transmission rate (associated to PSs with
less interview dependencies) and maximizing the compression

efficiency (associated to PSs with more interview dependen-
cies). These results indicate that a pure compression efficiency
objective is not ideal in IMVS systems.
Though experiments have been done with the available data

sets, which have a limited number of views or a small navi-
gation range, similar results are expected in real IMVS appli-
cations where a large number of views should be available for
user request and distant views considerably differ in their scene
content.

VIII. CONCLUSION
We have proposed an algorithm that efficiently selects a

near-optimal interview PS and associated texture and depth
QPs, at GOP level, when the MVD data format is used for
IMVS systems. We consider an IMVS system where storage
capacity and transmission rate are limited resources. The
proposed algorithm is able to reduce the set of relevant PSs,
compared with an exhaustive search approach, without signifi-
cant RD performance penalty. To evaluate the performance of
the proposed algorithm, the multiview video coding standards
MVC and 3D-HEVC have been considered and simulation
results have shown that the global optimal or near-optimal
PS can be obtained with the proposed algorithm, while the
associated complexity is considerably reduced.
Future work may focus on the extension of the current opti-

mization algorithm to systems where the reference views used
to synthesize the considered virtual views are not restricted to be
the closest ones, but their choice can be RD optimized to further
improve the performance of our algorithm. Also, the implemen-
tation of a non-static view temporal popularity model is left for
future work.
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