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ABSTRACT

With the proliferation of camera equipped cell pbemand the deployment of the higher data rate 253G infra
structure systems, providing consumers with vidgoigped cellular communication infrastructure isghty
desirable, and can drive the development of a latgeber of valuable applications. However, for glink wireless
channel, both the bandwidth and battery energy mohile phone are limited for video communicatiohs.this
paper, we pursue an energy efficient video comnatinic solution through joint video summarizationdan
transmission adaptation over a slow fading wiretdgmnel. Coding and modulation schemes and p#éeketmission
strategy are optimized and adapted to the uniqukeparrival and delay characteristics of the vidammaries. In
additional to the optimal solution, we also prop@séneuristic solution that is greedy but has closeptimal
performance. Operational energy efficiency — sunyndistortion performance is characterized underoptimal
summarization setting. Simulation results show #uvantage of the proposed scheme with respect ¢oggn
efficiency and video transmission quality.

Keywords. video summarization, wireless video, energy &ficy.
1. INTRODUCTION

Video summarization is the process of generatish@ter version of an original video sequence. imamarized
sequence contains key frames extracted from thggnativideo sequence based on some criterion spediy the
user. Video summarization may be required whensgegy is operating under limited bandwidth condioor under
tight constraints with regard to viewing time oorstge capacity. For example, for a remote surveitaapplication in
which video must be recorded over long lengthsirokt a shorter version of the original video segqgemay be
desirable when the view time is a constraint. Videmmarization is also needed where important vieEgments
must be transmitted to a based station in real-tm@rder to be viewed by a human operator. Exampfehe video
summarization and related shot segmentation wonkbeafound in [5, 8, 9, 17, 21, 25], where a videguence is
segmented into video shots, and then one or melkply frames per shot are selected based on céeaitstic or
metric for the summary. In this work, we considiee Bpplication of video summarization over wirelebannels.
Particularly, we consider using the scheme of videonmarization to deal with the problem in wireless
communications arising from the severe limitatintooth bandwidth and energy.

Transmitting video over wireless channels from reblievices has gained increased popularity in & \wéthge
of applications. For example, dramatic increadeaindwidth has been brought about by new techndpgieh as the
present third-generation (3G), the emerging fogeheration (4G) wireless systems, and the IEEEI80%/LAN
standards is enabling video streaming capability garsonal communications. Although wireless video
communications is highly desirable in many applaa, wireless video communication presents someguen
challenges. Due to shadowing and multi-path efféa, channel gain varies over time, which makesrétiable
signaling difficult. On the other hand, a major iition in any wireless system is the fact that ieollevices
typically depend on a battery with a limited enesypply. Such limitation is especially of concemcause of the
high energy consumption rate in encoding and trétisgvideo bit streams. Therefore, how to achiesi@able video
communication over a fading channel with energjcifiicy is crucial for wide deployment of wirelegsleo based
applications.
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Energy efficient wireless communication is a widstydied topic. For example, a simple scheme isutothe
device into sleeping mode when not used, as in 42, However, as the VLSI design and integratedudi (IC)
manufacturing technologies advance, the energy uropgon on circuits side is being driven down, libe
communication energy cost is lower bounded by mfation theory results. In [1], the fundamental &axdf between
average power and delay constraint in communicatiogr fading channels is explored and characteribed?],
optimal power control schemes for communicationrdaeing channels are developed. In [7] and [2p}limal off-
line and near optimal on-line packet schedulingoatgms are developed to directly minimize energage in
transmitting a given amount of information overifegchannels with certain delay constraints.

Video streaming applications typically have difierguality of service (QoS) requirement with redgecpacket
loss probability and delay constraint, which diffietiate them from the traditional data transmissapplications.
Taking advantage of the specific source charatiesisf video and jointly adapting video source iogddecisions
with transmission power, modulation and coding sob® can achieve substantial energy efficiency coatpaith
non-adaptive transmission schemes. Examples ofythés of work are reported in [3, 6, 11, 13, 18]tthose studies,
source-coding controls are mostly based on frante /aor macro block (MB) level coding mode and pasten
decisions.

When both bandwidth and energy are severely linfidedideo streaming, sending a video sequence witbrsevere
PSNR distortion is not desirable. Instead, we arsitlering joint video summarization and transmissipproaches
to achieve the required energy efficiency. Sina shmmarization process inevitably introduces disto, and the
summarization “rate” is related to the conciserafsthe summary, we formulated the summarizatiorblenm as a
rate-distortion optimization problem in [15], andveloped an optimal solution based on dynamic mogning. We

extended the formulation to deal with the situatigmere bit rate is used as summarization rate &j. [lh [26], we

formulated the energy efficient video summarizatma transmission problem as an energy-summarzdigtortion

optimization problem, the solution of which is fauthrough jointly optimizing the summarization amansmission
parameters/decisions to achieve the operation@hality in energy efficiency. In this paper, we extl the work in
[26] to consider inter-frame coding mechanism. tdidon to the energy-distortion optimized solutiome also

propose a heuristic solution, which is a greedyhmatut performs close to the optimal solution.

The rest of the paper is organized as followselction 2 we give assumptions on the communicati@n fading
channels and formulate the problem as an energyrsuimation distortion optimization problem. In dent3 we
develop an optimal solution based on Lagrangiaaxeglon and dynamic programming, as well as a bgari
solution. In section 4 we present simulation resufinally in section 5 we draw conclusions anduss the future
work in this area.

2. ASSUMPTIONS AND PROBLEM FORMULATION
In this section we discuss the channel model, dateyysis for video summary packets and the prolfitemulation.

2.1. Slow Fading Channel M odelsand Assumptions

Communication of video over a wireless channel itmsinique challenges, namely fading and energigieffcy
issues. In this work, we assume that the wiretbssinel can be modeled as a band-limited, AWGN rodlawith
discrete time, slow block fading,

Yk = \/Exk +ny 1)

in whichhy is the channel gain for time sllotnd it stays constant for tinTg, the channel coherent time. The channel
is slow fading because we assume the symbol dar@tie< T.. Thus, there are many channel uses during ea&h tim
slot. ny is the additive Gaussian noise with powerThe variation of the channel state is modeled éisite state
Markov channel (FSMC) [24], which has a finite eépossible state$j={hy, h,, ... hy}, and makes transition every
T, second with probability given by the transitiomipability matrixA, wherea; = Prob{transition fronh; to hy}.

To reliably senR bits information over the fading channel in onarahel use, the minimum power needed with
optimal coding is given in information theory [4,a

P=N@®R-1)/h, (2)
Similar to [7], letx=1/R be the number of transmission needed to send iblody the channel, we can characterize
the energy-delay tradeoff &, energy per bit, as a function>oés,



E, (x,h) = xP=xN(2%* -1)/h (3)
Examples of the energy efficiency functions wiiffadtent fading states are shown in Fig. 1. Thegeapfx in
Fig. 1 corresponds to the received signal-to-naég® of 2.0 dB to 20 dB, a typical operating rarfge wireless
communication. To send a data packet vitbits and deadliner , assumingr >>T, , the number of transmission
available is 2W7 , wheréW is the signaling rate. Then the expected energy cost will be,
E(B,7)=EL{E,(2Wr/B,h)B| A H,hy}. (4)
In Eq. (4), the expectation is with respect to all possibémnpel states, which are governed by an FSMC specified by
the state setl, the transition probability matri&, and the initial stathy,. The function in (4) can be implemented as a
look up table for a given channel model in simulation. dsetl form solution may also be possible, under some
optimal coding and packet scheduling assumption.
Energy effiency E(x;h), N=1mJ/Chnl use
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Figure 1. Energy efficiency over fading channels Figure 2. Example of DP trellis

2.2. Summarization and Packet Delay Constraint Analysis

Let a video sequence aof frames be denoted by={f,, fi, ..., f,u}, and its video summary ofm frames be
S={f,. .-~ fi_}. Obviously the video summarization process has an impliostcaint thatlo< I;<...< I, Let
the reconstructed sequendg'={f,', f;',--- f,_;{} be obtained by substituting missing frames with thet meent
frame that is in the summary S, that i§'= fi-nax): st icqig,1, -1, 3, i<k - LEL the summarization rate be,
R(S) =,
n
taking values in {1, 2/, ..., n/n}. The summarization rate is a reflection of hownydrames out of the original

frames are selected into the summary. The sumntiarizdistortion is computed as the average franstodion
between the original sequence and the reconstrgetgaence from the summary,

n-1
MS:%Zume. 5)
k=0

where d(fi, fK) is the distortion of the reconstructed frae, and n is the number of frames in the video
sequence. For the encoding of the video summanyefsawe assume a constant PSNR coding stratedyfrashe bit
budget B|j given by some rate profiler, for example [10]. IRgs from different summary frames have different

delay tolerances. We assume that the first framéebriginal sequencé, is always selected for the summary and
intra coded with somBy, bits. The delay tolerance, is determined by how much initial streaming detagllowed.



For packets generated by the summary fr@rjnewith l; > 0, if the previous summary framdalj_1 is decoded at time

ti.1, then the packet needs to arrive by the tirte; + (; — I...)/F, whereF is the frame rate of the sequence. Therefore,
the delay tolerance for framefIJ is al =(I; — l.)/F. This is a simplified delay model, not accountfiog minor

variations in frame encoding and other delays. tergy cost to transmit a summa&gf m frames is therefore given
by

m-1 m-1
E(S) = Z:E(Eﬂk .71,) = E(Bp.7o) + ZE(B|k 7,) (6)
k=0 k=1

where B, is the number of bits needed to encode summargefrd, , and 7, is the delay tolerance for frame
f,, packets. There are trade offs between the numbkames,m, in the summary versus the summarization

distortion. The more frames can be selected irdostimmary, the smaller the summarization distortim the other
hand, the more frames in the summary, more bitsl n@ée spent in encoding the frames, and the paokiral
pattern gets more crowed, which can be translatedhigher bit rate and smaller delay tolerances fransmission of
more bits with more stringent deadline can indghér transmission energy cost.

In the next sub-section, we will characterize tbkationship between the summarization distortiod anergy
cost, and formulate the energy efficient video sampation and transmission problem as an EnergteRisn (ED)
optimization problem.

2.3. Energy Efficient Summarization For mulations

The energy efficient summarization problem can drenfilated as a constrained optimization problenn. &given
constraint on the summarization distortion, we needind the optimal summary that minimizes thentnaission
energy cost, while satisfying the distortion coaistr, D,,,,, that is, the Minimizing Energy Optimal Summariaat
(MEOS) formulation,

S = argmsin E(S), st. D(S) < Dypay - (7)
We can also formulate the energy efficiency problas the Minimizing Distortion Optimal Summarizatio

(MDOS) problem. That is, for a given energy constré&E,,.,, we want to find the optimal summary that mininsize
the summarization distortion,

S = argminD(S), st E(S) < Eynax- (8)

The optimal solution to the formulations in Eq8) énd (8) is based on Lagrangian relaxation andabyc
Programming (DP), which is given in the next sattio

3. SOLTUION ALGORITHMS

Directly solving the constrained problems in Eq9.dnd (8) is usually difficult due to the comptied dependencies
and large searching space for the operating paeasidhstead, we introduce the Lagrangian multipidaxation to

convert the original problem in to an unconstraipesblem. The solution to the original problem ¢hen be found

by solving the resulted unconstrained problem withappropriate Lagrangian multiplier that satistiee constraint.
This approach has been widely used in solving albrurof coding and resource allocation problemsidea/image

compression [20].

3.1. Dynamic Programming (DP) Solution with Lagrangian Relaxation
Considering the MEOS formulation, by introducing thagrangian multiplier, the relaxed problem isr¢ffiere given
by,

S'(4) = argmin{ E(S) + AD(S )} ©)
in which the optimal solutiors becomes a function ofl . From [19] we know that by varyingl from zero to
infinity, we sweep the convex hull of the operasib&Energy-Distortion (ED) functiofE(D(S (A))), which is also
monotonic with respect tol . Therefore a bi-section search algorithm dn can give us the optimal solution within



a convex hull approximation. In real world applioat, the operational ED functions are typicallyneex, and the
optimal solution can indeed be found by the alpomiabove.

To solve the relaxed problem in (9) by exhaussigarch, which has an exponential computational texitp, is
not feasible. Instead, we observe that there aile-ibuecursive structures that can be exploited &n efficient
dynamic programming solution for the relaxed prablgith polynomial computational complexity.

First, let us introduce a notation on segmenbdisin introduced by missing frames between sumnframyel,
andl4, which is given by,

Gt = D d(f, fi). (10)

Let thestateof a video summary withiframes, and the last frarfighe the minimum of the relaxed objective function
be given by,

J()=_ min  {D(S)+E(S)}

SstSt |, =k

| | ) t-1 , (1)
— H n
= min {Gg +Gy: +--G, +Gy *”Z;)E(B'k 1)}

where § denotes the number of frames3nNote thatl,=0, as we assume the first frame is always seledtke
minimization process in Eq. (10) has the followiegursion,

k _ .
Halh)=_ min _{D(S)+IE(S)

= min {Gf +G? - +Gf +G{ +

|1’ 20 -1

A[E(By, 7o) +E(B,,(Iy = 0)/F) +---+E(By _,(Ii-1 ~1i-2)/F) + E(By,(k=1;-1)/ F)]}
= min {Gg +G? - +G +G' -G +Gf +GJ +

Ilr 2!"'!'1—1
Dt|t—1 (12)
A[E(By, 7o) +E(B, , (I, =0)/F) +---+ E(B, _,(Ii-1 ~1;-2)/F) + E(By,(k=1;_1)/ F)]}
Etlt—1
= min {D +AE* + AE(B,,(K—1,y)/F) -G +G/ +Gy}

1"2" . "It—l

e't—l-k

= min{ J;+(A) + €}
t-1

The recursion has the initial condition given by

J2(A) = GY + AE(By. Ty ). (13)
The cost of transition is given by edge cast'* in Eq. (12), which is a function ofl , I, andk, as,
AE(r,(k=11)/F) =G +Gf +Gy, intra-coding

I,k
et—l! = ,
AE(r,, (k=1,4)/F) =G/ +G{ +G] inter-coding

wherer, and fey, are the rate profiler (eg, [10] ) estimated numtifdits to intra-code the summary frafye and
inter-code the fram& with backward prediction from framef; , respectively. The DP solution starts with theiahi

nodeJ,’, and propagates through a trellis with arcs reprisg possible transitions. At each node we cosnjuid
store the optimal incoming arc and the minimumtcddnce all the nodes with final virtual frantg,
{3/(M)|t=12--,n}, are computed, the optimal solution to the relapexblem in Eq. (9) is found by selecting the
minimum cost

S (A) = argmin{ 3¢ (A)},



and backtracking from the resulted final virtuarfre nodes for the optimal solution. This is simttathe Viterbi
algorithm [23]. An example with trellis far=5 and A =1.0e-4 is shown in Fig. 2, where all possibleestednsitions
are plotted. For each state node, the minimum ioosiming is plotted in solid line, while other imoing arcs are

plotted as dotted lines. For example, the dgtés computed asl; = .Dr{r}qizns}{Jzi +el%} | and its incoming arc with
L2

the minimum cost is from nodk?. The virtual final frame nodes are all at the ¢phe trellis.

The Lagrangian multiplier controls the trade offtweeen the summarization distortion and the energpt in
transmitting the summary. By varying the value &f and solving the relaxed problem in the inner loap, can
obtain the optimal solution that minimizing thertsanission energy cost while meeting certain digtortonstraints.
Since the operational energy-distortion functig{®(S (1))) is monotonic with A , a fast bi-section search algorithm
can be applied to find the optimal *, which results in the tightest bound on the distar constraintD,, i.€.,
D(S(A")) is closest td,,,. The algorithm can be made even faster by re-usieglistortion and energy cost results
that only need to be computed once in the iterafidtre solution to the MDOS formulation can alsosbéved in the
same fashion.

3.2. Heuristic Greedy Solution

The DP solution has polynomial computational comipyeO(n?), which may not be practical for mobile deviceatth
usually have limited power and computation capacityheuristic solution is thus developed to gereranergy
efficient video summaries.

The heuristic algorithm selects the summary framsh that all summarization distortion segmeﬁiq'a,

between successive summary frames, satisf)ﬁt“lﬁtt:;1 <A, for a pre-selected step siz&. The algorithm is greedy
and operates in a one-pass fashion for a giferirhe pseudo code is shown below,

L=0; S={fo}. % select the *Lframe
For k=1:n-1
If GK>A % check the segment distortion value
S=SH{fi}
L=k
End
End

This replaces the DP algorithm in the optimal dolytand a bi-section search ah can find the solution that
satisfies the summarization distortion or the epeargst constraints. The computational complexityig) for the
greedy algorithm solution. The simulation resuttsoth the optimal and heuristic algorithms arevahin Section 4.

4. SSIMULATION RESULTS

To simulate a slow fading wireless channel, we rhtdtte channel fading as a two state FSMC with cehetated,
and h;. TheThe channel model is shown in Fig. 3, wheamdq are the probabilities of channel state transitiomnf

1-p p

hy to hy, andh; to hy, respectively, and the channel state transitipnabability is given by A{q 1—q} The

steady state channel state probability is thereforeputed asrz, :ﬁ and 7 :ﬁ . Assuming thatr >>T,,

and the signaling rate W (W s selected to simulate typical SNR operating eaimgwireless communications), then

out of the total W7 channel uses; E 2Wr are in channel statg and LZ\NT are in channel stat®.
p+q

p+q




Figure 3. Two state FSMC

Assuming the channel state is known to both thestratter and the receiver, with the optimal codamgl packet
scheduling, then the expected energy cost of tratsgnB bits with delay constraint can then be computed as,
E(B,7) =EL{E, (2Wr/B,h)B}
= min{ f (x;B,W,7, p,q,hy, )} : (14)

0<x<1

= min{xBEb(ﬁZ\Nr/(xB),ho) +(1- x)BEb(prqZ\NT/(B(l— x)),h)}

Osx<1
In Eq. (14), we need to find an optimal bits spidf x, of the total bitsB, with xB bits transmitted optimally while
channel state ils,, and (1x)B bits transmitted optimally while channel statéiis
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Figure 4. Examples of energy efficient video suninsdion

Note that Eq. (14) can be implemented as a lootabje in a practical system. For simple channeletoduch as the
two-state FSMC, a closed form solution can be @eriDnce the®land 2° order conditions (See Appendix for more
detail) are checked for the minimization problentop (14), the optimal splitting of the bits is givby

»__wipq hoy, (P+Q) o, Wipq hy q
X =————log,(:-) + B] = log, (=) + : (15)
B(p+g)2 ~h’ wmp  B(p+q)® h (p+a)
and the minimum energy cost is given by
E(B,7) = f(X ;BW,7,p,q,h, )}

= X' BE, (31— 2Wr /(X B), hg) + (L- X" ) BE, (—— 2W7 [(B(L- X')),h)} (16)
p+q p+q

Eq. (16) can be implemented as a look up tabléhiED optimization algorithm.
In our simulation, the optimal algorithm is implented in Matlab and the simulation results usirgg“tbreman”
sequence (frames 150~299) are shown in Fig. 4. cHamnel state is modeled bg=0.9, h;=0.1, p=0.7, g=0.8.



Signaling rate is set a8=20 kHz. The background noise power is assumedetdbl#imJ per channel use. The
summary frames are intra-coded with constant PSRty using the H.263 codec based on the TMN5 catdrol.
Summarization distortion and average power duriggsmission are plotted for different values of Haagian
multiplier, with A; =1.0e-5 and A, =6.0e-5. For larger Lagrangian valud, , more weight is placed on minimizing
the energy cost, therefore the associated energly(amea under the average power plot) is smdikm that where
there is a smaller valuel;. On the other hand, the summarization distorti®narger for A, than for A,, as

expected.
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Figure 5 . Energy-Distortion performance

The overall performances for the optimal solutive eharacterized as the Energy-Summarization Risto{E-D)
and Energy-Summarization Rate (E-R) curves in B#gand Fig. 5b, for botW=10 kHz and 20 kHz, as well as inter
and intra coding cases. For the same 150-frame esgigof the “foreman” sequence, Fig. 5a characteride
relationship between the summarization distortind the total energy cost ind;o(mJ) scale. As the summarization
distortion goes up linearly, the energy cost dreggonentially. Fig. 5b characterizes the relatigmsietween the
energy cost and the summarization rate. In thec#ypdperating range of the video summarization, eample,
R(S=[0.1, 0.9], the energy cost can change in thesipaf 2 to 6 magnitudes for the 150 frame segmsorn f
“foreman” sequence. This clearly indicates that mamzation can be an effective energy conservirgese for
wireless video communications.



The performance comparison of the optimal DP smiuand the greedy solution is shown in Fig. 5c¢ kitd 5d,
for the inter coding case with=10 kHz and 20 kHz. As expected, the E-D perforreanaves of the greedy solution
are lower bounded by the DP solution. In fact teefggmance of the greedy solution at 20kHz is clms¢he DP
performance at 10 kHz. Compared to the intra catbesi, the greedy algorithm with inter coding hdarabetter
performance in terms of energy efficiency.

Table 1 Energy-summary quality tradeoff subjecgvaluation

Summary Name A R(9 D(9 E(9
“S1.263" 4.8e-08 0.80 06.32 7.55e+08
“S2.263" 2.0e-07 0.68 09.75 2.62e+08
“S3.263" 6.0e-07 0.55 13.14 1.18e+08
“S4.263" 3.0e-06 0.39 18.91 4.46e+07
“S5.263" 1.0e-05 0.26 29.08 1.44e+07
“S6.263" 1.0e-04 0.12 49.68 2.53e+06

To have a better understanding of the trade offe/dmn the energy efficiency and the video summamlity, we
have generated multiple video summaries in H.263tt@ams for subjective evaluation. They are albéél at:
http://ivpl.ece.northwestern.edu/~zli/new_home/dAmip05/demo.html
for the same 150-frame “foreman” sequence segmdth, W=10 kHz, inter coding case, using the DP algorithm
discussed in Section 3.1. The Lagrangian multipi@dues, the summary rate, and the energy cossuanenarized in
Table 1. The results clearly demonstrate the guhagddégradation of the video summary visual qualif the
Lagrangian multiplier value increases, more weighput on the the energy cost during the minimizatiln the
typical operating range of 0.12 to 0.80 for videmsarization rate, the energy cost differs by #ofacof around 300
times. This demonstrates that video summarizasoimdeed an effective energy conservation schemeavifeless
video streaming applications.

5. CONCLUSION AND FUTURE WORK

In this work we formulated and proposed an optifwethin a convex hull approximation) algorithm fenergy
efficient video summarization and transmission. Blgorithm is based on the Lagrangian relaxatioth dynamic
programming. A heuristic algorithm to reduce thenpotational complexity has also been developed.Siinelation
results indicate that this is a very efficient agffiective method in communication energy utilizatifor video
transmission over a slow fading channel.

In the future, we will extend the work using moealistic channel models and simulations. We vidbamprove
the performance of the heuristic algorithm and marthe gap between the performance of the greeldyi®o and
that of the proposed optimal solution.

APPENDI X

Derivation of the optimal bit split solution is gm below:

Assuming the channel state is known to both thesmitter and the receiver, the expected energly afos
transmittingB bits with delay 7 is computed as,

E(B,7) =E,{E,(2Wr/B,h)B}

= min{ f (x;B,W,, p,q,hy,h; )}

Osx<1
= orgxisnl{xBEb(ﬁZWr/(xBxho) (- x)BEb(pranr/(B(l— X),hy)}
So we have,
f(X) = xBE, (2Wrm, /(xB),hy) + (1- X)BE, (W77 /((1- x)B),hy)

xB 1-x)B
= (2mWT /1) (2" 1) + (27mWr / hy)(2 ™ -1)

Let,



ay = 211/ hy, a, = 2rmWr/hy,
B B
by = b, =

AV TWT

We have, f(x) =a,(2%* -1)+a,(2%®™ - 1) To minimize f(x), let the ¥ order condition be zero, this leads to,
- * 1 ayb,
f'(x)= In(2)2%* —ayb, In(2)224™ =0, = x" = log,(—2) +by) ,
(X) =aghy In(2) 10y In(2) IDOerl( gz(aobo) by)
and since the" order condition is always non-negative:
f''(X) = aghy’ In? (2)2%* +a,b,? In? (2)2%¢™) > 0,00< x<1,
the optimal bit splitting ratio is,

. hy, Wr
X —”0”1|092(E)?+”0a

and the optimal energy cost is given by,
E(B,7) = X BE, (QWr /(X B),hy) + (L= X )BE, (27mWr /(B(1~ X)), hy)
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