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ABSTRACT compared to original" at decoder using compressed pixel maps of

The encoding of both pixel and depth maps of a set of multi-view im~/V » @nd distortion of synthesized views compared to originl at
ages, captured by a set of spatially correlated cameras, is importafigcoder using compressed pixel and depth _map)@’.of

for any 3D visual communication systems based on depth-image- Note that in general, not all captured views need to be en-
based rendering (DIBR). In this paper, we address the problem &oded for a given desired RD tradeoff. If the capturing cameras are
efficient bit allocation among pixel and depth maps of multi-view Sufficiently close spatially and the scene sufficiently interpolatable,
images. We pose the following question: for chosen (1) codinghen coding only aubsebf captured viewsV" (with finer quantiza-
tool to encode pixel and depth maps at the encoder and (2) vieWon levels for pixel and depth maps for high quality view synthesis),
synthesis tool to reconstruct uncoded views at the decoder, how jhile relying on decoder to synthes_lze skipped captu_red views, may
best select captured views for encoding and distribute available biffer better RD tradeoff than encoding all captured views at coarser
among pixel and depth maps of selected coded views, such that Viuantization levels. Hence finding the optimal subset of captured
sual distortion of a “metric” of reconstructed views is minimized. V'?‘_’VSN for encoding, for a given desired RD tradeoff, is also of
We show that using the monotonicity assumption, sub-optimal socfitical importance.

lutions can be efficiently eliminated from the feasible space during N this paper, we propose a bit allocation algorithm that finds
parameter search. Our experiments show that optimal selection &t optimal subset among captured vieWsfor encoding, and as-
coded views and associated quantization levels for pixel and dep&gns quantization levels for pixel and depth maps of the selected
maps can outperform a heuristic scheme using constant levels fepded views. We first establish that the optimal selection of coded
all maps (commonly used in the standard implementations) by up t¥iews and associated quantization levels is equivalent to the shortest

2.0dB. Moreover, the complexity of our scheme can be reduced bpath in a specially constructed trellis. Given that the state space of
up to66% over full search without loss of optimality. the trellis is nonetheless enormous, we then show that using lemmas

derived from monotonicity property in quantization level and pre-
diction distance, sub-optimal states and edges in the trellis can be
1. INTRODUCTION eliminated respectively from consideration during shortest path cal-
In a typical multiple view imaging scenario, a multiview image se- culation without loss of optimality. Experimental results show that
quence is captured by a set of spatially correlated cameras simudptimal selection of captured views and associated quantization lev-
taneously. Besides pixel maps, depth information of a particulagls for pixel and depth maps outperformed a heuristic scheme that
viewpoint (distance between camera and each captured pixel) c&elects all captured views for coding and assigns a fixed constant for
also be estimated or captured by special hardware [1], so that addil maps by up t@.0dB. Further, our algorithm can reduce compu-
tional intermediate views can be synthesized using pixel and deptiation complexity over full trellis calculation by up 6% without
maps of neighboring captured images via depth-image-based rendégss of optimality.
ing (DIBR) [2]. Conveying both pixel and depth maps of captured  The paper is organized as follows. After describing related work
views for a large multiview image sequence to a decoder, howevein Section 2, we formulate our bit allocation problem in Section 3.
means a large amount of data must be transmitted. Hence, comprddien, we introduce the monotonicity property and propose an effi-
sion of pixel and depth maps of multiview images is important. cient bit allocation algorithm in Section 4. We present our experi-
In response, compression strategies for pixel and depth maps ofental results in Section 5. Finally, we conclude in Section 6.
multiview image sequence have recently been proposed for DIBR [3,
4]. What is missing, however, is a comprehensive strategy to opti- 2. RELATED WORK
mize coding parameters for DIBR in a rate-distortion (RD) senseNew compression methods of depth maps [3, 4] for DIBR have been
More specifically, given the decoder possesses a known view syroposed, and formal analyses of resulting error in synthesized view
thesis tool, how should the encoder decide the quantization levels efue to lossy depth-map coding [5, 6] have been reported. Our bit
coded pixel and depth maps of captured vieWidor a pre-defined  allocation work is notably orthogonal to these proposals; no matter
DIBR metric? By metric, we assume here that given original capwhat coding methods are employed for pixel and depth map and how
tured views\, a supersét) = A’ U M, containing both the cap- a compressed depth map error manifests to a synthesized view, an
tured views\ anddesignated intermediate views! (at least one  optimizer must ultimately decide how to best distribute bits among
between two consecutive captured views), is specified to evaluafsixel and depth maps of coded views in a sequence for a desired RD

the quality of the compressed pixel and depth maps. Thus, the t@radeoff. To the best of our knowledge, our work is the first attempt
tal distortion of the encoding would be distortion of decoded viewsin the literature to address this question formally.

1if the metric contains no intermediate vievd, the encoder would not OF’“ma'_ bit a”ocation among independent [7] ar_‘d dependent [8]
encode any depth maps. Given depth maps provide decoder the flexibility fd4@ntizers in an operational sense has been studied thoroughly for
synthesize any number of intermediate views, this is a desired property arfdD optimized media compression. Our work differs in that bit allo-
the metric should promote good quality depth maps for view synthesis.  cation for both pixel and depth maps are considered simultaneously,
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such that the resulting distortion of both encoded and synthesized depends on both the pixel and depth map quantization levels of the

views at the decoder is minimized for a desired RD tradeoff.

3. FORMULATION

Fig. 1. Dependenmes among Coded (Gray) and SyntheS|zed (White) R*(q,p)=

FramesJ = {1,5,7}, 7" = {3}, M = {2,4,6}.

The setting of our bit allocation problem is as follows. n#et-
ric of viewsV = {1,...,V} in a 1D-camera-array arrangement,
containing both camera-captured vietsof size N and designated
synthesized viewa, is specifieda priori to evaluate quality of en-
coded pixel and depth maps. Captured vieWsre divided intoK
coded views7 = {j1,...,Jjk }, andN — K uncoded views/' =
N\ J. The first and last view iy are captured views and must
be selected as coded views; i.e,}V € J C N. Pixel and depth
maps of a coded viey; are encoded using quantization levg|
andp;, , respectivelyg;, andp;, take on discrete values from quan-
tization level setQ = {1,...,Qmax} andP = {1,..., Pmax},
respectively, where we assume the convention that a quger Di,
implies a coarser quantization.

Uncoded views are not encoded at the encoder, but are synthe-

sized at the decoder, along with designated synthesized vievirs

metric V, each using pixel and depth maps of the closest left and

right coded views, denoted &3 € 7 for eachj’ € J7'.

We assume inter-view differential coding is used for coded
views as done in [9] and shown in Fig. 1. The first view is always

coded as an I-frame. Each subsequent coded yjewrames5 and
7 in Fig. 1—are coded as P-frame using previous coded yiew
as predictor for motion/disparity compensation.

3.1. Visual Distortion

Given the coded view dependencies, we can now write the distortlog
D¢ of the coded views as a function of the pixel map quantizatio

levels,q = Sy Qi ):

K
Dc(q) = di((h) + Zd§7‘,7ji_1 (qJ'z‘vqufl)

=2

(g5 ---
@)

(1) stated that the distortion of the starting I-fradfedepends only
on its own pixel quantization level;, while the distortion of a P-
framed;, depends on both its own pixel quantization leygland its

predictorj;_1's quantization level;, ,. A more general model [8]
is to have P-framg; depends on its owg;, and all previous quan-
tization levelsq, . . .
dependencies t@;, ,

) qji—l'
only is a good first-order approximation.

Similarly, we now write the distortion of the synthesized

views D° (including uncoded views7’' and designated synthe-
sized viewsM) as a function ofg and depth quantization levels,

P=[Pj1,--sPikl]
D*(q,p)

> i@, g, pr)

jreg’'um

)

I = stj<j

. ./ .
argmin l7° =4l

argmin 17" — 4l sit.j >4

wherel andr are indices of the closest coded views to the left and

right of synthesized view'. In words, distortion of synthesized view

We assume here that truncating the

two spatially closest coded viewsndr.

3.2. Encoding Rate
As done for distortion, we can write the rate of pixel and depth maps

of coded viewsR¢ and R?, respectively, as follows:

K
R(q) = ri(q1) + Zr§i»ji—1(qji7QJ'i71)

(3)
=2
K
(ql:pl) + Z Tj:i,ji_l (qupji ydj;—1 7pji—1) (4)
=2

(3) states that the encoding rate for pixel map of a coded vigw,
depends on its pixel map quantization levgl,, and its predictor’s
level, g¢;,_,. In contrast, (4) states that the encoding rate for depth
map,r;,, depends on both the pixel and depth map quantization lev-
els,q;, andp;,, and its predictor’s pixel and depth map levels, ,
andp;,_,. Our model hence includes the case when depth maps are
differentially coded using pixel maps as predictors.

3.3. Rate-distortion Optimization

Given the above formulation, the optimization we are interested in
is to find the coded view indice§ C A/, and associated pixel and
depth quantization vectog andp, such that the Lagrangian objec-
tive is minimized for given Lagrangian multiplier > 0:

min ®) = D°(q) + D*(q,
J,q,p

4. BIT ALLOCATION OPTIMIZATION

Previous work [8] has shown that using monotonicity property of
dependent quantizers, efficient algorithms and heuristics can be con-
structed for optimal or near-optimal bit allocation. Our work can
be viewed as a generalization of [8] to include synthesized views.
We first discuss the useful monotonicity property along different di-
mensions. We then derive two lemmas based on monotonicity, and
construct a fast optimization algorithm using the lemmas.

p) + A[R°(a) + R*(q,p)]  (5)

1. Monotonicity in Quantization Level

nl_etthm @iy Piss Gor s Pis 1)bethe Lagrangian term for coded

view j; given quantization levels of viey; and its predictor view

Ji—1, i.e., the sum of distortiow5, ;. . (¢;,,q5,_,) and penalties

)‘ch'i,jifl (qjiv Qqu—l) and Arji Jie1 (qu yP5is 515 pjz—l) for pixel

and depth maps encoding. Motivated by a similar empirical obser-
vation in [8], we assume here also t®notonicity in quantization
levelfor both Lagrangianp;, ;,_, of coded viewj;, and distortion
dj., . of synthesized viey’; i.e., for anyA > 0:

Bjidi1 (G Pir Go 1> Pii1) < haga s (G, 7pjwqjt,1 1Pj;—1) (6)

jisdio1 (@G Pis Gam1>Pismn) < ¢jiaji71(qji7pji7qj1717pj';71)
&y (aspar,pe) < d (g P arspr) @)
&y (aspiar,pr) < d g (a,p)arspr)

whereg;" (or p;}) implies a larger (coarser) quantization level than
qn (Or p,). In words, (6) states that if predictor vieyy_; uses a
coarser quantization level in pixel or depth map, it will lead to worse
prediction in viewj;, resulting in larger distortion and/or coding rate,
and hence a larger Lagrangian cost ;, , for all values ofx > 0.

(7) makes a similar statement for monotonicity of the synthe-
sized view distortiorl?, , . with respect to the pixel and depth quan-
tization levelsy; andplbof the closest left coded view We assume
also monotonicity in the pixel and depth quantization levglaind
pr Of the closest right coded viewas well.



4.2. Monotonicity in Prediction Distance

We can also express monotonicity of Lagrangian ¢gst of coded
view j, or synthesized view distortiod;, , . of synthesized view
4, with respect to therediction distanceo a coded view used for
differential coding or synthesis. Assuming further-away predicto
view k.~ for coded viewj, k~ < k, has the same quantization levels
as viewk, and further-away predictor views andr* have the same
levels for synthesized viey as respective levels of viewsandr,

we can write:

®
©)

&,k (25, Pjs ks Pr)
d;l7l’r+ (QZ,Plv Qvupr)
d;/’l—,r(qlvph q’l‘vp’r)'

¢5.:(45, D05, 9%, Pr)
d;/,lﬁ(QZ,PlvqrvPr)
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Here,r* > r ori~ < [ implies a further-right coded view" or
further-left coded view ™~ is used to synthesize viey. In words,

I

reduction method is to find the shortest path by visiting only a small
subset of states and edges. We discuss this next.

4.4. Reducing Complexity

Let ®;(q;,p;) be the shortest sub-path from any states of first view
to state(q;,p;)’ of captured viewj. The first lemma eliminates
sub-optimal state$q;, p;)’’s, given computedd;(q;,p;)’s, using
monotonicity in quantization level.

Lemmal For given p;,, if at state plane of captured views,
®;,(q),pii) > ®5,(q5,ps), Vg, > g;,, then sub-paths up to
states(q;, p;;)’, Vq;, > ¢j,, cannot belong to shortest path.

Proof of Lemma 1 We prove by contradiction. Suppose shortest sub-path
up to state(qj;,ph)ﬁ, qj-; > q;fl_, is part of an end-to-end shortest path. If
we replace sub-path t@}:,pji) with sub-path to(q;fl,pji ), a synthesized
view j’ to the right of j; and coded viewj,; that depend on view;'s

(8) and (9) say that using a further-away predictor to differentiallyPixel map will have no larger distortiod?, . or Lagrangian cost;, , j;
encode or synthesize a view, given the quantization levels of pixef ¢* is used instead ajj by monotonicity in quantization level (6) and

and depth maps of the further-away predictor are the same, resultzjﬁ). Givend.

no smaller Lagrangian cost or synthesized distortion. These inequ
ities hold true under an assumption of Lambertian scenes.

4.3. Full Trellis & Viterbi Algorithm

.F3 L Fs .7
Fig. 2. Optimization Trellis.

We first show that the optimal solution to (5) can be computeofDlng VIEW Jit1, Eiz<j/ijaz+1
by first constructing a trellis, and then finding the shortest path from{gx, )" cannot belong to an end-to-end shortest path.
the left end of the trellis to the right end using the famed Viterbip oot of Lemma 2 We
Algorithm (VA). Nevertheless, the complexity of constructing the
full trellis is large, and hence we will discuss methods to reduce th@dges(q;,, p;,)7 — (q5,,p5,)7+1 — (qk,px)¥, the cost of traversing

complexity using the monotonicity property described earlier.

s (q; ,Pj;) > @5, (a7, . pj, ), we see that replacing sub-path to
1_1; ,pj;)7* with sub-path tc(q;fi , 5, )7* will yield strictly lower Lagrangian
cost. A contradictiond
Lemma 1 also holds true for depth quantization lexgl given
qj5;» if (I)ji (qji7p;;) > q)ji (qup;i)* VPZ > p;i’ then states
(g5:,p})’"'s, Vp]. > pj,, are sub-optimal and can be eliminated.
The second lemma eliminatesib-optimal edgedrom state
(pj,q;)? of captured viewj to a state in further-away coded viéw
using monotonicity in prediction distance.
Lemma 2 Given start state(q;,,p;,)’ of view j;, end state
(qk,pk)k of viewk, and intermediate vievy‘,-+1, 7i < Jit1 < k,
if cost of traversing statdg;,, p;, )"+ of vView jit1, ¢j., .. +
is smaller than a lower-bound cost of skip-

d5: j, i then edge(q;,,p;,)"" —

2 Lo
Ji<d'<Fig1 d'sdisdit1

prove by contradiction. Suppose an optimal end-to-
end path includes edg@;, , pj,)’* — (qx,px)*. If we replace it with two

state(g;, , pj, )7i+1 for viewsj'’s, j; < j' < jiy1, is smaller than not

We can construct a trellis—one corresponding to the earlietraversing it by assumption. Moreover, Lagrangian cost of coded kiand

example is shown in Fig. 2—for the selection of coded view in-

dices 7, pixel and depth quantization levetsand p as follows.
Each captured view; € N is represented by plane of states,
where each state represents a pair of leyels, p;,)’* for pixel

distortion of a synthesized view to the right that depended on codedjyiew

will not increase using view; 1 instead with same quantization levels due
to monotonicity of prediction distance (8) and (9). Hence a path using the
two replacement edges will yield lower cost. A contradiction.

and depth maps. States in the first plane corresponding to the first The corollary of Lemma 2 is that if the said condition holds,

view 1 will be populated with Lagrangian cost: (g1, p1)’s for

i +
then edgesq;,,p;. )" — (ar+.prt)® o Yau+ > Qo Prt > P,

different level pairs(qi1,p1)"'s. Each directed edge from a state wherek™ means all indices larger than also cannot belong to the

(q1,p1)* in the first plane to a state in the second pldag p, )’

of neighboring captured view € A will carry a Lagrangian cost
¢;1(¢5,p5,91,p1) and designated synthesized view distortions
Zl<j,<]. dj._,,l,].(ql,pl,qj,pj). Selecting such edge W(_)uld mean
captured viewsl and j are both selected as coded viewsjh

shortest path. The reason is: synthesized distortfon ;. . using

view j; andk as predictors is surely no larger thd;l+1 okt US

ing samej; and further-away:* with same or coarser quantization
levels. Hence the said condition must hold also (f@{+,pk+)k+

Each directed edge from a statg, p1)" in the first plane to a state 35 well, and the same argument as proof 2 follows to rule out edge

(qr, pr)" in a further-away plane of captured vidwe N will carry

(g5;,p4;)% — (qk+,pk+)’“+. As an example, in Fig. 2 if the cost of

similar Lagrangian cosbx 1 (qx, pk, q1,p1) and synthesized view traversing stat€2,4)*, ¢s 1 +d3 ; 3, is smaller thani3 ; 5 + d3 ; 5,

distortions 3, _ ., ;. dj: 1 4 (q1, 1, i, Pi)-
would mean captured vielvandk are both selected as coded views

Selecting such edge then edges frong2,4)" to all states on the shaded region, including

(3,4)° of view 5, can be eliminated.

in 7 with no coded views in-between. 4.5. Bit Allocation Algorithm

We state without proof that the shortest path from any state in th#/e now describe a bit allocation algorithm, shown in Fig. 3, ex-
left-most plane to any state in the right-most plane, found using VAploiting the lemmas derived in previous section to reduce complexity
corresponds to the optimal solution to (5). However, the number ofrom the full trellis. The basic idea is to try to rule out as many states
states and edges in the trellis alone are prohibitvg:Q||P|N) and  and edges in the trellis as early as possible. Starting from the left-
O(|Q|*|P|>N?), respectively. Hence the crux of any complexity side of trellis, for each captured vieiwusing computed sub-paths to



. Initialize ¢+ = 1. Computep(q1,p1)’s as®(gi,p1)’s for all states
(q1,p1)"'s of F1.

. For eactp; of views, find ¢ s.t. ®;(q;", pi) > ®:(qF,ps), Vg >
q; . Eliminate statesqj,pi)i‘s from consideration.

. For eachy; of view i, find p¥ s.t. ®;(gi, p;) > ®i(gi, p), Vo] >
p;. Eliminate state$qi,pi+)i’s from consideration.

. For each survived statgy;, pi)i of view 4, evaluate forward sub-
paths to state§y;, p;)7’s of neighboring captured view, j > 1.

. For each survived stat@y;, p;)* of view 4, using state(q;, p;)? of
neighboring captured view, evaluate sub-paths forward:

(a) Initialize k to be neighboring captured view ¢f k£ > j, and
length-Pmax VeCtorQiim 10 [Qmax, - - - , @max|-

(b) for each state(qr,px)*, g < Qum(pj), if ¢ji +
i<il<j d;,’m, > ZKJ.,S]. d;’,i,k’ then evaluate possi-

ble path with edgéq:, pi)" — (qx,px)" to state(qx, pi)".
If not, Qlim(pz_) =qr— 1, Vp—,: 2 Pk-

(c) If Kk < N andQy;y is non-zero vector, incremektto next
neighboring captured view and repeat step 5(b).

6. If ¢ < N, increment to next neighboring captured view and repeat
step2to 5.

Fig. 3. Bit Allocation Algorithm

states(q;, p;)"'s with Lagrangian cost®; (q;, p;)'s?, we first elimi-
nate states with larger Lagrangian codts and coarser pixel quan-
tization levelsg;"’s than a minimum statég}, p;), givenp;. Same
procedure is applied for the depth quantization lepgksgiven fixed
¢;- These sub-optimal states are eliminated due to lemma 1.

In step 4, for each survived staig, p;)* of view i, we evaluate
all forward sub-paths to statég;, p;)?’s of the next captured view
j. By “evaluate”, we mean comparing the sum®f(q;, p;) and
®ji + Doy Ay, t0 the cost of the best sub-path (g, p;)’
to date,®;(q;, p;), for each statéq;, p;)’. If the former is smaller,
®,(q;,p;) will be updated accordingly.

In step 5, for each survived state;, p;)’, we next evaluate
feasible edges to stat(éqk,pk)k’s of captured views:'s, & > j.

Feasible edges are ones that satigfy; + > 3 >

i<j'<j 4 isj

> i<ji<; 451,k We stop when there are no more forward feasible 1]
edges. We can identify the shortest end-to-end path by finding the?!

minimum cost statégx, pn )™ of view N and tracing its back to
view 1.

5. EXPERIMENTATION

PSNR vs. bitrate for midd2 PSNR vs. bitrate for bowling2

a

o

o

—e-opt
-©=- heur

150

—-e-opt
-®- heur

50 10 50 150 200
kbits per captured view Kkbits per captured view

(a) midd2 (b) bowling2
Fig. 4. Performance Comparison between Optimal and Heuristic
Coded View and Quantization Level Selection Schemes

0 100

coding, i.e.,7 = N, and assigns a constant quantization level to
all pixel and depth maps of coded views. In Fig.4, we see the per-
formance of both schemes, shown as PSNR (quality) versus bitrate
per captured view (including both pixel and depth maps) for the two
test sequences. First, we see tbpt has better RD performance
thanheur —by up to1.2dB and2.0dB for midd2 andbowling2 ,
respectively. This shows that correct selection of quantization levels
per frame is important. Second, as bitrate decreasgtd,selected
fewer captured views for coding and relied instead on decoder’s view
synthesis (five left-most points opt in midd2 represented selec-
tions of uncoded views). This is also the region whept out-
performedheur the most, hence selection of captured views for
coding is also important for best RD performance.

When generatingpt curves, we tracked the amount of compu-
tation performed using our scheme over a full trellis search approach.
We found the computation savings ranged fré0% to 66%, with
the maximum saving occurring at the right-most RD point.

6. CONCLUSIONS

Towards the goal of efficient depth-image-based rendering (DIBR),
in the paper we presented an algorithm to select captured views
for coding and quantization levels of corresponding pixel and depth
maps in a rate-distortion (RD) optimal manner. We show that using
monotonicity in quantization level and prediction distance, search
complexity can be drastically reduced without loss of optimality. Ex-
periments show that our selection scheme outperformed a heuristic
scheme by up t@.0dB in PSNR for the same bitrate.
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