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Abstract

We consider an interactive multiview video streaming (IM\§gstem where clients select their preferred viewpoint
in a given navigation window. To provide high quality IMVSamy high quality views should be transmitted to the
clients. However, this is not always possible due to thetéohand heterogeneous capabilities of the clients. In this
paper, we propose a novel adaptive IMVS solution basedlapeaed multiview representatiomhere camera views
are organized into layered subsets to match tffermint clients constraints. We formulate an optimizatiosbjgm

for the joint selection of the views subsets and their enopdates. Then, we propose an optimal and a reduced
computational complexity greedy algorithms, both basedlymamic-programming. Simulation results show the
good performance of our novel algorithms compared to a lmesalgorithm, proving that anfiective IMVS adaptive
solution should consider the scene content and the cligratbiities and their preferences in navigation.

Keywords: Interactive multiview video, layered representation,igation window, view synthesis.

1. Introduction

In emerging multiview video applications an array of camsezaptures the same 3D scene froifiiedtent view-
points in order to provide the clients with the capabilitycbbosing among dfierent views of the scene. Intermediate
virtual views, not available from the set of captured vieeas also be rendered at the decoder by depth-image-based
rendering (DIBR) techniqueg[l], if texture informationdadepth information of neighboring views are available.
As a resultjnteractive multiview videalients have the freedom of selecting a viewpoint from a $eaptured and
virtual views that define a navigation window. The qualitytleé rendered views in the navigation window depends
on the quality of the captured views and on their relativéatise, as the distortion of a virtual view tend to increase
with the distance to the views used as references in the wiathasis procesE|[2]. This means that in the ideal case,
all the captured views, encoded at the highest possiblewatgd be transmitted to all the clients. However, in prac-
tice, resource constraints prevent the transmission di@Niews. In particular, clients may havefdrent access link
bandwidth capabilities, and some of them may not be ablec&ive all the captured views. In this context, it becomes
important to devise adaptive transmission strategiesnfteractive multiview video streaming (IMVS) systems that
adapt to the capabilities of the clients.

In this work, we consider the problem of jointly determiniwgich views to transmit and at what encoding rate,
such that the expected rendering quality in the navigatimew is maximized under relevant resource constraints.
In particular, we consider the scenario illustrated in Bigwhere a set of views are captured from an array of time-
synchronized cameras. For each captured view, both a éeahd a depth map are available, so that intermediate
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virtual viewpoints can eventually be synthesized. The Seaiptured and virtual views defines the navigation window
available for client viewpoint request. Clients are clusteaccording to their bandwidth capabilities; for instrino
Fig.[d only one client per cluster is illustrated for threegps with 50kbps, 5Mbps and 10Mbps bandwidth constraints.
Then, the set of captured views are organized in layers @etsibof views to be transmitted to théfdrent groups of
clients in order to maximize the overall navigation qualiyith a layered organization of the captured views in the
navigation window, we aim atftering a progressive increase of the rendering quality, astiality of the navigation
improves with the number of layers (subset of views) thantk are able to receive. In the example of Eig. 1, three
layers or subsets of views are formed as:= {v1, Vg}, Lo = {4} andLs = {v,, v3, vs}. Depending on the clients’
bandwidth capabilities, they receive the viewd in or in L; andL,, or in Ly, Ly andLs. In particular, the client with
the lowest bandwidth capability (the client with a mobileopk) is able to receive only the subset of vidws Ve},

and needs to synthesize the rest of the views. On the othdr tienclient with the highest bandwidth capability (the
client with a TV), is able to receive all the views, and therefreaches the highest navigation quality.

We formulate an optimization problem to jointly determihe pptimal arrangement of views in layers along with
the coding rate of the views, such that the expected renglgriality is maximized in the navigation window, while
the rate of each layer is constrained by network and clieagiglailities. We show that this combinatorial optimization
problem is NP-hard, meaning that it is computationallffidillt and there are not known algorithm that optimally
solves the problem in polynomial time. We then propose aalgloptimal solution based on dynamic-programing
(DP) algorithm. As the computational complexity of this@lighm grows with the number of layers, a greedy and
lower complexity algorithm is proposed, where the optimabset of views and their coding rates are computed
successively for each layer by a DP-based approach. Thisrshow that our greedy algorithm achieves a close-to-
optimal performance in terms of total expected distortemg outperforms a distance-based view and rate selection
strategy used as a baseline algorithm for layer constmuctio
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Figure 1: lllustration of an IMVS system with 6 camera viewsl & heterogeneous clients. The optimization is done
by thelayered representation creationodule considering three layers.

This paper is organized as follows. First, Secfibn 2 disesiise related work. Then, the main characteristics of
the layered interactive multiview video representation@utlined in Sectiofl3 where also our optimization problem
is formulated. Sectioh]4 describes the optimal and greeelys/iselection and rates allocation algorithms for our
layered multiview representation. Sectidn 5 presents xperémental results that show the benefits of the proposed
solution and the conclusions are outlined in Sedfion 6.

2. Related work

In this section, we review the work related to the design o¥/B/systems by focusing on the problem of data
representation and transmission in constrained resoamsé®nments.
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In general, the limited bandwidth problem in IMVS has beeprapched by proposing some codimgediction
structure optimization mechanisms for the compressionufiniew video data. In|ﬂ3],|I|4] an(ﬂS], the authors have
studied the prediction structures based on redundant Pb&@&Hrames (distributed source coding) that facilitate
a continuous view-switching by tradingfahe transmission rate and the storage capacity. To saventission
bandwidth, diferent interview prediction structures are propose(ﬂin @%bde in diferent ways each multiview
video dataset, in order to satisfyfidirent rate-distortion requirements. [71 [8] andl [9], mdtiction structure
selection mechanism has been proposed for minimal distoview switching while tradingf® transmission rate and
storage cost in the IMVS system.

A different coding solution to the limited bandwidth problem hesrbproposed irmO], whereuser dependent
multiview video streaming for Multi-use(&/MSM) system is presented to reduce the transmission ragetal re-
dundant transmission of overlapping frames in multi-ugsteans. In UMSM, the overlapping frames (potentially
requested by two or more users) are encoded together arsthitged by multicast, while the non-overlapping frames
are transmitted to each user by unicasti@ently, the authors irlf[_ill] an12] tackle the problem @frse transmis-
sion bandwidth by determining the best set of camera viewsrfooding and byf&ciently distributing the available
bits among texture and depth maps of the selected views, teathhe visual distortion of reconstructed views is
minimized given some rate constraints.

Although these works propose solutions to the constraia@dWwidth problem in IMVS, they do not consider the
bandwidth heterogeneity of the clients, and rather des@diutions that do not adapt to thdéfdrent capabilities of
the clients.

The adaptive content concept in multiview video has beertlgnosed in the coding context, where the problem
of heterogeneous clients has been tackled via scalabléviewltvideo coding. For instance, some extensions of the
H.264SVC standardI]lB] for traditional 2D video have been progasehe literature for multiview videdﬂ4m5].

In [|E], ﬂﬂ] andﬁﬁ], the authors propose a joint view antkradaptation solution for heterogeneous clients. Their
solution is based on a wavelet multiview image codec thadyees a scalable bitstream from whickfelient subsets
can be extracted and decoded at various bitrates in ordatisysdifferent clients bandwidth capabilities.

In addition, multiview video permits the introduction of awm type of adaptive content compared to classical
video. For instance, instead of transmitting the complet@&views of the multiview video dataset, some views can
be omitted from the compressed bitstream and eventualbnstaicted at the receiver side using DIBR method. The
more the transmitted views are, the higher the reconstmucfiality is but the larger the bitrate is too. This new type
of adaptive content that tradef mavigation quality and transmission bandwidth, has beedied in [2] and[[19].

In these works, the set of captured views are organized isedgpthat we call layers, and they are transmitted to
clustered heterogeneous clients according to their batibwapabilities.

The work in [19], however does not optimize the set of views |pger, but rather distribute them based on a
uniform distance criteria. The work iE|[2] optimizes theestion of views in particular settings, but does not adapt
the coding rate of each camera view. In this paper, we builthese previous works and extend the state-of-the-
art by proposing solutions for jointly optimizing the seieo of the views and their coding rate in a layered data
representation for IMVS systems, such that the expectederarg quality is maximized in the navigation window,
while the rate of each layer is constrained by network arehtdi capabilities. To solve this problem, we propose an
optimal algorithm and a greedy algorithm with a reduced dewity, both based on dynamic-programming. These
algorithms adapt to the client capabilities and their pesfees in navigation, to the camera positions and to theeobnt
of the 3D scene, in order to have difieetive addaptive solution for IVMS systems.

3. Framework and Problem Formulation

We consider the problem of building a layered multiview depresentation in an IMVS system, where the
clients are heterogeneous in terms of bandwidth capasilitin this section, we first describe the most relevant
characteristics of the IMVS system. Then, we formally fotate our optimization problem.

3.1. Network and IMVS model

In this work, we defineV = {vi,Vv,,...,w} as the ordered set of captured views from an array of cameras.
Each camera compresses the recorded view before tramgmiittover the network. We assume that there is no
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communication between the cameras, so each camera entoiteades independently of the other cameras, which
is common in numerous novel applications ranging from silaree to remote sensing. For each captured view

vj € V, both a texture image (image containing color informatianyl a depth map (image containing distance

information to objects in the 3D scene) are captured by timeecas, encoded and transmitted so that clients can
eventually synthesize new images by DIBR techniques.

A population of heterogeneous clients requests camerasviimmn the IMVS system, such that they can freely
navigate within the navigation window between viewsandwy. Navigation is achieved by rendering views in the
navigation window possibly with help of DIBR methods. At tihecoder side each client can reconstruct a view at any
position in the discrete s@{ = {vi,v; + 6, - - -, V}; with § as the minimum distance between consecutive views in the
navigation window. Due to resource constraints in pratfigatems, it is not possible to transmit all the camera views
to all the clients. Then, clients are clustered accordingeéar bandwidth capabilities and the set of views transditt
to each group of clients are carefully selected, so that tieiigation quality is maximized. We proposdagered
multiview representatiowith an optimal joint allocation of captured views and caglnates in each layer, which is
common for all the clients. The optimization of the layeregresentation is done centrally by a coordinating engine
that we denote dayered representation creation modkig[T).

3.2. Layered multiview video representation model

We give now some details on olayered multiview representatioihe viewsV, encoded atrat® = {ry,r, - -+, rv},
are organized into layered subsdis= {L;,--- ,Lc} to offer a progressive increase of the visual navigation quality
with an increasing number of layers. In particular, the érget of camerad is divided inC layers such that
LiulLU...ULc € V,withLinLj=0,i # j. The number of layer€ corresponds to the number of subsets of
heterogeneous clients grouped according to their bandwaiabilities. As a requirement, a client cannot decode a
view in L. without receiving the views i 1, meaning that.; andLc are the most and the least important subsets,
respectively. This means that clients with very low bandivicepabilities may only receive views in layet, and
need to synthesize the missing viewpoints. On the other,lddiedts with higher bandwidth capabilities receive more
layers, which leads to a lower rendering distortion as tktadice between reference views decreases, hence the view
synthesis is of better quality. In addition, we denoteffy= [Li,,---, L] the layers betweeh; andL., and by

Vi = [vl,--- WV, ,vv] the ordered subset of views i that includes only the views if{. Here, we assume
that view synthesis with DIBR methods is done by using a régitt left reference views. Therefore, the leftmost and
rightmost views of the navigation window, andw,, need to be transmitted in layks.

Formally, the quality of the interactive navigation whee thiews from thec most important layers are received
and decoded can be defined as:

De(LE, R(VE)) = > Gu du(Vi(U), v (1) (1)
uel,
vi(u),ve (We LS,
ry=R(V)VVe{v (U),v ()}

wherev;(u) andv; (u) are the closest right and left reference views to viemmong the views if’$, andd, is the
distortion of viewu, when it is synthesized using(u) andv, (u) as reference views, encoded at rateis R, for vin
{vi(u), vr(u)}. Finally, g, is the view popularity factor describing the probabilitytia client selects view € U for
navigation. We assume that, depends on the popularity of the views, due to the scenengrtut it is independent
of the view previously requested by the client. Note tBat> Dc,1, Since each camera views subset or layer provides
a refinement of the navigation quality experienced by thentli

3.3. Problem Formulation

We now formulate the optimization problem for the allocataf coded views in layers and their rate allocation
in order to maximize the expected navigation quality forlslVS clients. More specifically, the problem is to find
the optimal subset of captured viewsin that should be allocated to each of tidayersL* = {L],---,Lg} and
coding rate of each selected vie/, = {r],--- ,ry}, such that the expected distortion of the navigation is mined
for all the clients, while the bandwidth constraint per lay® = {By, - - - , B¢}, is satisfied. This bandwidth constraint
is associated to the bandwidth capabilities of each clielutster. The optimization of the number of layers and of
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the rate constraints of the layers due to clients’ bandwéditabilities is out of the scope of this paper. Formally, the
optimization problem can be written as:

C
min >, p(e) De( L5, R(VY)) @
1£=CIRI=V ¢=1

such that,

Zr\,sBC, vece{l,---,C)

C
veVi

where p(c) stands for the proportion of clients that are able to rexeip to layerL;, namely clients with rate
capability larger tharB. but lower thanBc.;. The rate of each encoded viemin V¢ is denoted by, and the
distortionDy is given in Eq.[0L. We finally assume that the depth maps arenathded at the same high quality, as
accurate depth information is important for view synthelsigpractice, the coding rate of depth maps is much smaller
than the rate of the texture information, even when compreashigh quality. In the above problem formulation, the
rate of encoded views can be formally writtenras= r!, + rd, with r} as the rate of the texture information arfd
as the rate of the depth information of view For the sake of clarity, and without loss of generality, \gswame in
the following thatr, = r{, due to the low rate contribution of the compressed depthsreampared with the texture
information.

3.4. NP-Hardness Proof

We now prove that the optimization problem [0 (2) is NP-hayd,reducing it to a well-known NP-complete
problem, theKnapsackproblem. The Knapsack problem is a combinatorial probleat tan be characterized as
follows:

Settings- Non-negative weightas, wo, - - - , Wy, profitscy, Cp, - - - , Cy, and capacityV.

Problem— Given a set of items, each with a weight and a profit, find aefudifsthese items such that the corre-
sponding profit is as large as possible and the total weidasssthan/.

We now consider a simplified instance of our problentin (2) emsider only one layer and a unique rate value
for each captured view. Intuitively, if the problem is NPrthdor this simplified case it will also be NP-hard for
the full optimization problem. We reduce this simplified piem from the Knapsack problem. First, we map each
weightw, to a view rater,. Then, when a view; is considered as a reference view for the corresponding, ltye
profit is quantified by the distortion reduction that it bringlenoted here a4v;), wheref(vj) = Dc(L], R(V9)) -
De(L;, R(VY)), for V5 = [VS vj]. However, the profiti(v;) of each view is not independent from the content of
the layers, as it is the case for each object in the Knapsadigm. The profit depends on the views that have been
already selected as reference views in the layer, meawlngThis increases the complexity of the view selection
and rate allocation problem compared to the classic Kn&psablem. Therefore, if the problem is NP-hard when
profits6(v;) are independent of the layer content, it will be NP-harddor simplified problem. Then, assuming an
independent profit for each view, our simplified problem candwritten as:

Settings— Rates of the possible reference viewsr,, - - - ,ry, independent profitg(vi), 0(v2), - - - , 8(w), and
bandwidth capacitys..

Problem— Given a set of views, each with a rate and a profit, find theetuifsviews such that the distortion
reduction is as large as possible and the total rate is lasBh

This reduced problem is equivalent to the Knapsack probldence, this proves that our original optimization
problem is at least as hard as the Knapsack problem. Therefor problem in[{2) is NP-hard.

4. Proposed Optimization Algorithms

To tackle the problem if12), we propose first an algorithnt ftdves the optimization optimally. Second, we
present a reduced complexity algorithm that finds a locaitynaal solution working on a layer by layer basis, with
an average quality performance close to the optimal alyorit
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4.1. Optimal Algorithm

To obtain an optimal solution to the problem [ (2), we prapasdynamic programming (DP) algorithm that
solves problems by breaking them down in subproblems andicong their solutions. The subproblems are solved
only once, and their solutions are stored in a DP table to bd irsthe multiple instances of the same subproblem
[20]. To develop a DP algorithm from the problem definedn (@ first need to identify the structure of the problem
and how it can be decompose. We start with the following olzgems:

1. Decomposition in the view domain\e first observe that the rendering qualityin Eqg. (1) can be computed
by parts. In particular, we can write:

1Ve-1
Do(L5, R(VY)) = Z Ac(Vi(J), Vi(i + 1), R(VI(1)), R(Vi(i + 1)) (3)
=1
where,
AV Vs Txly) = >0 G du(W(W), V(W) (4)
vi(u) »L\j/r:(vux)’E’Vi,
ri=R(v)

Wviefv (U),v; (U)}

is the distortion of rendering views between viewsndvy, compressed at rategandry respectively, using camera
viewsv;(u) andyv, (u) as the closest left and right reference views of view V5. In (), [V5] stands for the size of the
setV, meaning the number of views iff{. Note that for the sake of clarity, we drop the paramef&randR(VY)

in the distortionA, it is however clear that the distortion is only computeddaiven layer representation and coding
rates.

Using the above observation, the subset of captured iaws, v;}, used as reference views, with< v; < v;, and
encoded at rates,, rj, r }, respectively, we can express the distortigiv;, v, ry, r;) as:

Ac(Vi, Ve, 11, 1) = Ac(Vi, Vi, 11, 1) + Ac(Vi, i, 1, Tr) (5)

This decomposition is possible as the distortion in a sei@fs only depends on the closest right and left reference
views for each synthetic view in our system.

2. Decomposition in the layer domain Given a multiview layered representation ©flayers, the expected
distortion between reference viewsandy;, for the clients groups subscribed to data in lay=isC denoted here as
#S (Vi, Vi, 11, 1) can be expressed as:

C
oS (Vi Vr, 11, 1) = Z p@i) Ai(vi, Vi, 11, 1)
i=c

= P(©) Ac(Vi, Vi, 11, Tr) + ¢S, 1 (Vi, Vi, 11, Tr) (6)

As clients receiving higher layers need also to receivehalgrevious layers for optimal quality improvement, the
reference views in layer become available for any layer- c. This means that the distortionfiéirence for clients
in layersc andc + 1 simply depends on the improvement provided by viewkdn. In other words, the expected
distortion can be computed iteratively. Finally, note tlz)%t(vl,vv, ri,ry) is actually the objective function of our
optimization problem in Eq[12), wherg(v1, W, r1, rv) = De(LS, R(VY)).



Now, let®¢ (v|,vr, r, rr,Bg) be the minimum expected distortigf (v, v, 1, 1), when the rate budget for each

layer and for the subset of camera views betwaeandv; is 85 = [Bg, Bey1,- -+, Bc] = [Bc Bgl]. Based on the

above observationg,](5) arld (6), this minimum distortiomlsa defined in a recursive way as follows:

C C ; C C C C li
OF (e, 11,1, BE) = min  p(Q)AC(VL, Vi, 1, 11) + B4 (Vi Vis 1,10, B5,4) + OF (Vi Ve, 1,1, 8BS = | & ] (D)
VI <Vi<Vy ﬂc+l
0<ri<B

0<BS,, <8BS

c+1="c+l

The first term in[(¥) corresponds to the layer distortigrbetween views; andv;, as defined in{4). The second
term defines the minimum distortion between viewsndv; from layerc + 1 to layerC, when the rate constraint

assigned to each layerf§,; = [Dc,1. -+, bc] = [bc+1 ﬂgz], for g5, < BS,,. Finally, the third term is associated

to the minimum expected distortion for clients receiving thews from layer to C, between views; andv; when
the rate constraint i8S — | ¢ } The recursion relation ii{7) directly carries the struetaf our DP algorithm that

1
optimally solves the problecrﬁ in EGI(2). The three term§&drafe illustrated in Fig12 for views from layéx to layer
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Figure 2: lllustration of the optimal algorithm with the &® terms from[{[7) for views in laydr, to layerL..; that
compose the recursive evaluationdff (vi, vr, i, v, BS ).

To solve the problem i {7) using DP algorithm, we follow atbot-up approach, where the “smaller” subprob-
lems are solved first and their solution are used to solvegélidrsubproblems. In particular the following steps are
followed:

1. Create a DP table of Siaé*(Bnay)©*2, whereBpax is the maximum bandwidth constraint®f, and therefore
the maximum possible rate value used to encode the cameva.vie

2. Start from the last laydrc, with vi = w_; andv; = w,. Solve for every possible encoding ratewf; andw,
and rate budgeBc. Store each solution in th&y_1, w, R(Ww-_1), R(w), Bc) entry.

3. By progressively moving, towardsv;, in the same layer, and towards the first layer, following &dm-up
approach, every tim@‘g is called with the argumenw( v, ry,r;, BS), the DP algorithm retrieves the value
stored in the corresponding entry of the DP table.

4. Stop when the DP table is completely filled. The optimalioh of the problem is done by comparing the
optimal solution in {1, w, r1, rv,B;1) entries.

The complexity of the DP algorithm that implemenit$ (7) candeeluced from the size of the DP table that
contains the solutions to the subprobledfs that in this case i©(V?(Bna)©*?). In addition, in order to compute
each entry in the DP table, we ugé (7) where we need at M@t B comparisons, corresponding to all possible
v;, ri for all possible rate constraints for the following lay€8mnax Hence the total complexity of the algorithm is

C ax . . - . -
O((VZ(Bmax)0+2) B ) which is exponential with the number of layeZsand the maximum number of rate values
used to encode the camera vieBg.y.



4.2. Greedy Algorithm

The computational time to solve the optimization problerthwiie above DP algorithm is exponential and rapidly
grows with the number of available layers and coding rateesuised to encode each of the captured views. Therefore,
we propose a greedy approximate solution where the opttinizaroblem defined if{2) is solved successively for
each layer, starting from the first layer. When solving thé&mojzation problem for each layer successively, the
optimal reference views are selected from the full set ofwagl views when optimizing the first layer, while for the
following layers, the solution is restricted to the viewatthave not been selected as reference views in the previous
layers. However, the intuition behind this greedy alganitis that, in our system, the lowest layers are necessary to
most of the clients, for which our greedy algorithm tends ¢oclbse to optimal. Therefore, it is expected that our
greedy algorithm leads to aiffective solution in terms of overall expected distortionrrally, the greedy algorithm
considers the following optimization problem for each lalg

min p(c) De(L3. R(V1)) (8)

such that,

Zr\,sBc

C
veVy

where,R. stands for the set of coding rates of the views selected aserafe views in layelr..

To obtain an approximate solution, meaning the optimaltgmiun each particular layer given the set of available
reference views, we propose a dynamic programming (DPYithgo that is inspired on the algorithm in Sect[onl4.1.
Let W (vi, w, I, Iy, Bg) be the minimum expected distortion between reference weasdv, compressed at rate
andry, respectively, for clients subscribed to laygr The remaining rate budget 8 is available for selecting new
views in layerL; between the given reference viewsandw,. This optimal solution is again a recursive function that
finds the optimalvi, ri}, with v < v; < v, minimizingAc(v;, vi, 11, r;) and the optimal solutiol¥. in the remaining set
of views betweerv; andw,. This can be formally written as:

We (Vis Wi i Ty, Be) = min, Ao(vi, Vi, 11, i) + o (vis W, 1, Tv, Be =) 9)
1 T
0<ri<Bc

A DP algorithm implements the recursive formulation[ih @)etermine the optimal allocation of views in layer
L¢, given the allocation in the lower layers. The algorithmgfor each layer successively, starting from the first layer
L;. Similarly to the optimal algorithm in Sectian 4.1, a bottarp approach is followed for each layer. In particular,
the following steps are followed:

1. Given layerl, create a DP table of si2&(B)%, whereB; is the rate constraint of the layer and therefore the
maximum possible rate value to encode the selected refexeaws. Note that, = w for every layer; therefore
the size of the table regarding the number of views is &flgind notv? as for the optimal algorithm.

2. Start withvy = w._1 and solve[(D) for every possible encoding ratenaf; andw, and rate budgeB.. Store the
solution in the (-1, W, R(w-1), R(w), Bc) entry.

3. By progressively moving, towardsv; in the same layer, following a bottom-up approach, evenetif is
called with the argumenty, v, 1,1y, Be), the DP algorithm retrieves the value stored in the coordng
entry of the DP table.

4. Stop when the DP table is completely filled or wher= v;. The optimal solutiorL, R of the problem is
found by comparing the optimal solution im(w, r1, ry, Be) entries.

5. If V{ c V, andL,1 is available, move to the first step of the algorithm with= Lc,1.
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Figure 3: lllustration of our greedy algorithm with the twarins from[[®) for views, vi andwy in layer L.

The diferent terms in[{9) are illustrated in Figl 3 for viewsv, andw in a particular layet . that recursively
compute¥c (vi, w, 11, rv, Be).
Finally, following the same analysis in Secti4(1(CVBmax+1(Bmax)3) is the complexity of the DP algorithm

in (@), as the complexity in solving each of the Iayer&f)ié\/Bmaﬁl(Bmax)C*) and the algorithm should ru@ times,
one time for each layer. By solving every layer successiuglthe greedy algorithm, we are able to remove the
exponential dependency with the number of layers, in theptexity of the algorithm; hence to seriously reduce the
overall computational complexity of the optimal optimipat algorithm.

5. Performance Assessment

This section presents the test conditions and performastdts obtained in éierent scenarios when the search
of the optimal subset of coded views per layer and rate ailmeper view is performed with the algorithms proposed
in this paper. We study the optimal allocation iffdient settings and compare it to the solution of a baselimeca
distance-based solution.

5.1. General Test Conditions

We consider four dferent data sets for evaluating the performance of our opétian algorithms. We first study
the performance on two multiview video datasd&allet (1024x 768, 15Hz) |L_2|1] andndoDancer(1920x 1080,
25Hz) [22]. Though the main target of this work is on videoivkly, we also consider multiview image datasets,
Statue(2622x 1718) andBikes(2676x 1752) [23], due to the relatively high quality of their deptiaps compared
with the ones available in multiview video sequences. Midti image experiments permits to appreciate the benefits
of our solution in allocating resources based on scene obpteperties. The 3D-HEVC reference software HTM 6.2
[@] has been used to encode jointly texture and depth mapadh dataset. The views are encoded independently
and temporal prediction is used for each view in the videasages. The depth maps are encoded at high quality
(we set a quantizer scale factor of €5 for the depth maps), while a set offérent rate values is considered for
encoding the texture information. For each sequence, tftefiog conditions have been considered:

e Statue— V = 7 captured views antd = 10 equally spaced rendered views. In this dataset, the easmer
are horizontally arranged with a fixed distance betweenhimigng cameras of 5.33mm. We have cho-
sen the ten available views to have a separation of at lea8b@8n between pair of views, such thét =
{50 55 60 65 70 75 80 85 90 PandV = {50 55 65 70 80 85 95in terms of view indexes in the dataset.

e Bikes-V = 7 andU = 7 captured and rendered views, respectively. In this datheecameras are horizontally
arranged with a spacing of 5mm. As fBtatuedataset, to increase the distance between available wesvs,
have chosen the available views by fixing the minimum distdretween views to be 25mm. In detail, the seven
views correspond to the view = U = {10 20 25 30 35 40 30in terms of dataset indexes.

e Ballet—V = 7 captured views antdl = 8 rendered views. The views follow a circular arrangemeit an
correspondtol ={012456 FandU ={012 3456 ¥, regarding the view indexes in the dataset.

e UndoDancerV =5 captured views and = 9 equally spaced rendered views. The cameras for this segquen
are horizontally arranged with a fixed distance of 20 cm betweeighboring views. They correspond to the
captured viewsV = {1 2 3 5 § and the nine rendered viewg = {1 2 345 6 7 8 9 in terms of dataset
indexes.



The distortion of the synthesized viewat the decoder depends on the quality of the reference vieed ior
synthesis, namely(u) andv; (u), and on their distance to the synthesized view. For thelsitions, we use a distortion
model proposed in our previous work [2], which considersétavo factors in estimating the distortion of the synthetic
view d, as:

du(Vi, Vi) = (1= @) (cks (M, Vi) + Ahg(Vi, Vi) + (L = )er (dhy (v, W) + g (i, V1)) + ya T (10)

where,dy andd, fori € {1, 2}, denote the average distortion per pixel for the texturethediepth map of the
first and second views that are used as references for vieivesia, where; € {vi(u), v;(u)}. Note that, for the sake
of clarity, we have dropped the parameteirom vi(u) andv; (u), when it is clear that they refer to the left and right
reference view for view in (I0). The parametersandy are respectively the proportion of disoccluded pixels & th
projection of the first reference view and in the projectiofBoth reference views in the DIBR view synthesis. Their
values depend only on the scene geometry and they are atbfadime the depth maps of the reference views. Finally,
the average distortion per pixel in the inpainted areasi®tdel byZ, which is assumed to take a constant value that
only depends on the scene content.

In the rest of this section, we carry out simulations fdfetient system settings to evaluate the performance of
our greedy and our optimal algorithms presented in Sedddhand4.P. We compare their performance to those of a
baseline algorithm, which selects a subset of coded viewkper such that the average distance between reference
and synthetic views is minimized in each layer.

5.2. Greedy vs. Optimal algorithm

In this section, we compare the performance of both the @btimd greedy algorithms proposed in Sectlons 4.1
and[Z4.2. Due to the exponential complexity of our optimabaithm, a small discrete set of available rateto
encode the texture information is used and only two layeezscansidered in the layered multiview representation,
which means that the clients are clustered in only two gragpending on their bandwidth capabilities.

We consider two dferent distributions for the proportion of clients that stridse to each layer. In particular, we
setp = [0.5 0.5], when the first half of the clients can only det and the second half get both andL,, and we
setp = [0.1 0.9], when most of the clients have high bandwidth capakdliiad only 10% of them can only get the
first layer,L;. We also assume that all the views@ihhave the same probability of being requested, which results
a uniform view probability distribution.

The results are presented in Table 1, where the set of viemlsyer £* and the expected distortidd, defined
as g:f p(c)D¢, with D¢ in (), are shown for each considered data set. The ratereamsper layerB, and the set
of available ratep to encode the texture information for each of the considegesets are given in Talile 1. The
views selected by each algorithm in each layer are givenrimgef the ratel.c = {r1,---,ry,---rv}, wherer, = 0
means that the view is not transmitted in that particulaetandr, > 0 means that the view is encoded at ngten
the corresponding layer. The indexes of the views corredpmithe views arrangement in the set of captured views
V.

It can be seen from the results in Table 1 that the same opsietalf views per layel* has been chosen for both
the greedy and optimal solutions when a uniform distributié p for the clients is assumed. The same results have
been obtained for values @f1) higher than 0.5, but they are not presented here due t@spatrictions. Whep(2)
increases, meaning that the second ldygeis transmitted to a larger group of clients, the greedy atlgor shows
its sub-optimality. For instance, whef2) = 0.9 the optimal solution is not obtained by the greedy algarifor
the Bikesdataset; instead, the samié solution as fomp(1) = p(2) = 0.5 is computed. This sub-optimality is due to
the fact that, in our greedy algorithm, the problem is solseccessively for each layer, starting from laygr This
means that the optimal solutiofi* does not depend on the probability distributjpof clients requesting each layer.
Therefore, the solutio* for each dataset is the same for any distribufpit only affects the expected distortion
D. This successive approach of our greedy algorithm also s the first layer is prioritized, where the laygr
always has an optimal set of views independently of the détyers. This explains the good performance of the greedy
algorithm when the first layer has high probability of beirgnsmitted alone, i.e., high value pfl). Nevertheless,
even when the second layks is transmitted to a larger group of clienfg2) = 0.9, the greedy algorithm shows a
good performance, presenting an optimal solution for tlofebe four datasets considered in our experiments. This
good performance of the greedy algorithm can be explainetthéyact that the first layer is always received by all
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Table 1: Comparison of the optimal and greedy algorithmsims of view selection and rate allocatigii and
average distortiol.

Sequence Client distribution Optimal Greedy
& Settings p L D(dB) L D(dB)
Statue [0.50.5] L1={2020202 29.56 L1={2020202 29.56
B. = 8Mb L,={0202040 L,={0202040
p=1{024Mb [0.10.9] L1={2020202 30.43 L1={2020202 30.43
L,={0202040 L,={0202040
Bikes [0.50.5] L1 ={15150201515 29.00 | L1 ={15150201515} 29.00
B. = 8Mb L,={0020200 L,={0020200
p=1{0152Mb [0.10.9] L1={2020202 3119 | L1 ={15150201515  29.48
L,={0202020 L,={0020200
Ballet [0.50.5] L1 ={0.30003000Q3} 37.33 L, ={0.300030003} 37.33
B.=1Mb L,={0030300300 L,={0030300300
p =1{002503}Mb [0.10.9] L1 ={0.300030003} 39.27 L1 ={0.300030003} 39.27
L,={0030300300 L,={0030300300
UndoDancer [0.50.5] L1 ={0500105) 29.41 L1 ={0.5001 05} 29.41
Be =2 Mb L,={0110Q L,={0110Q
p=1{0051Mb [0.10.9] L1 ={0500105) 29.93 L1 ={0.5001 05} 29.93
L,={0110Q L,={0110Q

the clients, independently of the probability distributip of clients requesting each layer. Therefore, optimiziregy th
allocation of the views in the first layer is never really batijch further justifies the design of our greedy algorithm.
In addition, it has a lower complexity compared with the oyt algorithm, as demonstrated in Secfiod 4.2. Therefore,
for the rest of the paper we only consider the greedy algoréind we compare it with a baseline solution for view
selection and rate allocation.

5.3. Greedy algorithm performance

After showing the good performance of our greedy algorithithé previous section, we now study its performance
in different scenarios and compare it with a baseline algorithmghedistance-based view selection solut[@].

In this algorithm, the views in each layer are selected shahthe distance between encoded and synthesized views
is minimized. Views are encoded at the same rate in each &kthe rate per view and the number of views are
chosen such that the available bandwidth per layer is usisl toaximum. Layers are filled in successive order, as
for our greedy algorithm.

The algorithms are compared infidirent settings where the layer rate constraint and view lpdpueffects are
evaluated. A total of four layers are considered in all thewations presented in this section, representing four
groups of clients that are clustered depending on theirwatid capabilities. Note that, since we do not consider our
optimal algorithm in these simulations, we are able to iasegthe set of available coding ratefor each dataset and
the number of layers in the multiview layered representaitompared with the experiments in Secfiod 5.2.

5.3.1. Layer rate constraint variations

In this subsection the greedy algorithm is compared withdiséance-based solution in terms of the expected
distortion when varying the layer rate constraint. We usdlastrative layer rate distribution that follows a linear
relationship:B; = X x L¢ +y. By varying the values ot andy, we can study the performance of the view selection
algorithm in diferent settings. The corresponding results are preseniedld2, where the solution from the greedy
algorithm outperforms the distance-based solution in $asfithe expected distortidd in 4 out of 6 experiments. On
the other two cases, the same result is obtained by bothithligorThe performance gain obtained with our greedy
algorithm is mainly due to its rate allocation capabilityrgeared to the homogeneous rate assignment in the distance-
based algorithm. The non-uniform rate allocation of ouregsealgorithm permits the fully use of the available
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Table 2: Comparison of the greedy and distance-based #igofor diferent layer rate constraints.

Sequence Rate constraints Greedy Distance-based
& Settings x, y} L D(dB) L D(dB)
Bikes (2,2 L;={2000002 L1 ={2000002
p={0115 L, ={01515015150} 28.31 L, ={01515015150} 28.31
22527} Mb L3={00027000 L3={00027000
{0.5,4 L1 ={1.5001500 15} L1 ={1.5001500 15}
L, ={020015150} 28.24 L, ={0150015150} 27.92
L3={00270000Q L3={00027000
Ballet {0.25,0.2% L; ={0.150002 00 Q15 L; ={0.250000 0 @5
p={0015018 L, ={00202500030} 3733 | L,={000250250025 0 36.09
0.20 025 03} Mbps L3={00000300 L3={003000300
{0.2,0.3 L1 ={0.15000 00 L5} L; ={0.150000 0 (L5}
L, ={00250025000Q 34.91 L, ={00025002500 34.60
L3={000300Q30} L3={003000030}
L4={00000300 L4,={00003000Q
UndoDancer {0.5,0.5 L; ={0.500 005} L; ={0.5000 05}
p={002505 L,={000510 28.64 L,={000750750 28.60
0.75 1 125} Mbps L3={0125000Q L3={0125000Q
{0.25,0.7% L; ={0.500 005} L; ={0.5000 05}
L,={0001250 28.26 L,={0001250 28.26
L3={007507500 L3={007507500

rate per layer, allocating more bits to views used as reé&®in the view synthesis process; e.g. for ldyewith
UndoDancersequence whefx y} = {0.5 0.5}. In these tests, a distance-based view selection solutiowssto be
relatively close to the optimal solution, where most of thkested views in each layer are almost equally spaced. This
is due to the small change in content amonedéent views, which is due to the small distance between thezs
andor the low scene complexity in most of the available datasé¢sertheless, these experiments have shown that a
simple distance-based solution with a uniform rate alloceédmong the selected views in each layer, is not ideal as it
cannot take into account the actual content of the scené&aiyto our algorithm.

5.3.2. View popularity distribution variations

Now we compare our greedy algorithm with the distance-basédion when views have fiierent popularities.
The results are shown for an exponential popularity digtiiim, where the leftmost and rightmost views in the set of
captured viewsV are the most and the least popular view, respectively. Thdtseare presented in Table 3, where the
optimal set of views per layef* and the total expected distorti@nare shown for the greedy and distance-based solu-
tions. The settings for the fierent sequences are specified in the Table 3. The total expaistortiorD is calculated
assuming a uniform distribution of the proportion clientsessing each layer, meanipg [0.25 025 025 025], for
the four layers. The results show that the solution from tleedy algorithm outperforms the distance-based solution
in terms of the total expected distortion. This is due to #u that the distance-base solution does not consideleneith
the popularity distribution of the views nor an optimizeterallocation among the views. In particular, in the greedy
algorithm the views close to the leftmost view (the most papuiews) are selected in the first layers, to ensure that
most of the clients receive the most popular views and tbeeefnjoy a higher expected navigation quality. Similar
conclusions can be drawn when considering other view poitieidistributions.

An alternative presentation of the gain of our greedy atbariis shown in Fig.[}4. A bar plot illustrates the
expected quality (Y-PSNR) of our greedy algorithm (GA) aridhe distance-based approach (DBA) for the four
considered layers in these simulations. We consideBtkesand UndoDancerdatasets, with the same settings as
the ones of the results in Talile 3. In addition, we have iredlidorizontal lines representing the average quality of
each algorithm across the whole client population (the &tient clusters), using the same bar color. The distorton i
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calculated with the views received in the current layer arallithe previous layers, as clients subscribed to a padaticu
layer receive all the views up to that layer. Therefore, fothbapproaches, the overall quality increases as the layer
index increases since clients are able to receive more vidate that, in general, our greedy algorithm outperforms
the distance-based approach, achieving the highest avqtedjty. In the case of thedndoDancersequence, we can
see however that the group of clients receiving up to layeznjoy a slightly higher quality with the distance-based
approach than with the greedy algorithm. This is due to tbetFat in layelL, all the reference views are selected and
most of them are encoded at the highest possible rate foigtende-based approach, as it was the only option for the
algorithm to fully use the available bandwidth and have d&arni rate allocation among the selected views. However,
this view and rate selection of the distance-based solwatioy favors clients in the last cluster (highest bandwidth
capabilities). In fact, the overall performance for thiedoDancersequence is better for our greedy algorithm, as for
the first layers the view selection and rate allocatiffirroa higher quality to the first three group of clients.

Table 3: Greedy and distance-based solutions comparis@mfexponential view popularity distribution.

Sequence Greedy Distance-based
& Settings L D(dB) L D(dB)
Statue L1={40200002 L1 ={40000004
B. =8 Mb L,={04000400 34.56 L,={00400400 34.35
p={024 L3={00044000 L3={00044000
568 Mb L4,={00000040 L4y ={04000040
Bikes L1 ={200000 15 L1={1500000 15
Bc = 3.5Mb L,={01520000 28.61 L,={001501500 26.49
p={0115 L3={00021500 L3={015000150}
22527y Mb L4y ={00000270} Ly={00027000
Ballet L1 ={0.250000 0 @5 L1 ={0.25000 00 @5
Bc = 0.5Mb L,={000302000Q 3778 | L,={00025002500 37.54
p=1{0015018 L3={003000200 L3={00250000250
0.20 025 0.3} Mbps L4 ={00000030} L4,={00003000Q
UndoDancer L1 ={0.7500 0 05} L1 ={0.500005}
Bc = 1.25Mb L, ={0075005 0} 30.19 L,={0001250 29.66
p=1{002505 L3={0012500 L3={0012500
0.75 1 125} Mbps Ly={00000Q L4y ={0125000Q
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6. Conclusion

We have proposed a novel adaptive transmission solutidrjaimély selects the optimal subsets of views streams
and rate allocation per view for a hierarchical transmis$ioIMVS applications. We consider a system where the
network is characterized by clients with heterogeneoudWwadth capabilities, and we aim to minimize their expected
navigation distortion. To do so, clients are clustered etiog to their bandwidth capabilities and théfdrent camera
views are distributed in layers to be transmitted to thedént groups of users in a progressive way, such that the
clients with higher capabilities receive more layers (maesvs), hence benefiting of a better navigation quality. We
have formulated an optimization problem to jointly detamenthe optimal arrangement of views in layers along with
the coding rate of the views, such that the expected renglguality is maximized in the navigation window, while
the rate of each layer is constrained by network and cliempslsilities. To solve this problem, we have proposed
an optimal algorithm and a greedy algorithm with a reducedmexity, both based on dynamic-programming. It
has been shown through simulations that the proposed tigwiare able to reduce the navigation distortion in a
IMVS system. In addition, our greedy algorithm has clos@jtimal performance and outperforms a distance-based
algorithm based on an equidistant solution with an unifoate llocation among the selected views in each layer.
Our results show that, considering the client capabildies their preferences in navigation, and the 3D scene chnten
as the proposed optimal and greedy algorithms do, is keyeinlésign of anféective adaptive transmission solution
for IMVS systems.
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