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a b s t r a c t
This paper proposes an unequal error protection (UEP) scheme for transporting scalable video packets
over packet-lossy peer-to-peer networks. In our scheme, given an estimated system uplink capacity, a
receiver-driven joint source-channel coding (JSCC) mechanism is proposed by which each child-peer
minimizes the received visual distortion by subscribing to appropriate numbers of source and channel
coding packets. Because the bandwidth for inter-peer transmissions may fluctuate largely due to peer
dynamics, in our method, a peer estimates the available system uplink capacity based on consensus propagation to avoid the fluctuating allocations of JSCC. To efficiently utilize the uplink bandwidth of peers,
parent-peers utilize sender-driven contribution-guided peer selection to reject the low-contribution subscriptions requested from candidate child-peers. Simulation results demonstrate that our method significantly improves the visual quality, compared to other state-of-the-art schemes.
Ó 2016 Elsevier Inc. All rights reserved.

1. Introduction
Peer-to-peer (P2P) video streaming is an emerging streaming
service, which can support large-scale services with a lower infrastructure cost compared to traditional client–server structures. The
key of a successful video streaming system lies in the video quality
perceived by users. However, one of the major challenges to P2P
video streaming services is packet loss. Since current IP-based networks only support best-effort delivery, video packets are not well
protected. Moreover, the packet loss problem becomes more serious in P2P video streaming systems because peer dynamics lead
to more packet loss opportunities for peers, and the packet loss
of a peer will propagate to its neighboring peers through interpeer transmissions. Such packet loss can seriously damage the
quality of reconstructed video.
There are two kinds of methods to overcome the packet loss
problem: retransmission-based and FEC-based schemes. In
retransmission-based schemes [1,2], a receiver sends a message
to a sender to request a lost packet from the sender, and the sender
resends the lost packet if the available bandwidth allows.
q
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Retransmission-based schemes are particularly useful for noninteractive unicast applications with bursty packet loss. However,
since the retransmission-based schemes introduce additional
round-trip time latency, they are not suitable for delay-sensitive
video transmissions.
Packet-level FEC has proven to be an efficient means for packet
loss recovery in P2P video streaming systems [3–7]. In a packetlevel FEC based protection scheme, the channel encoder, such as
Reed-Solomon code, encodes the video bitstreams into k data packets and additional n–k redundant packets, denoted as FEC(n,k). On
one hand, a receiver can completely recover the original data
should at least any k out of n packets be received. On the other
hand, FEC(n,k) scheme can only tolerate loss of n–k packets at
most. XOR-based error correction method was also considered
in [8].
In delay stringent streaming environments, FEC based schemes
outperform retransmission-based schemes [9]. However, FECbased video protection schemes would consume additional bandwidth resource to transmit the redundant packets. If the available
bandwidth of a P2P system cannot afford the additional amount of
redundant packets, packets may get dropped due to traffic
congestion. Hence, efficient bandwidth resource utilization for
packet-level FEC is desirable.
In P2P video streaming, system channel capacity may vary
largely since heterogeneous peers usually have various channel
bandwidths. A key technique for achieving bit-rate adaptation is
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scalable video coding (SVC) [10,11] or layered coding. In SVC, the
encoder encodes a video into a scalable bitstream which generally
contains one base layer (BL) and one or more enhancement layers
(ELs). According to the requirements of channel bandwidths of
users, a sender can transmit one base layer for basic visual quality
or one base layer plus one/more enhancement layers for higher
visual quality. SVC is thus a flexible solution to transmitting scalable video contents over heterogeneous networks. With SVC, peers
can adapt video quality according to their channel capacity.
Layered coding-based P2P video streaming has been studied
recently [12–15]. In the method proposed in [12], child-peers
select their parent-peers to maximize its priority sum measured
by the importance of layers. In the LayerP2P scheme [13], childpeers categorize their subscriptions into two types: regular subscriptions and probing subscriptions. Child-peers request regular
subscriptions, including the substreams of lower layers. The substreams in the regular subscriptions are not prioritized among different layers, whereas those in the probing subscriptions are
requested layer by layer. In [14], taxation-based P2P layered
streaming designs, including layer subscription strategy, chunk
scheduling policy, and mesh topology adaptation, were proposed
to adjust the balance between the social welfare and individual
peer welfare. Peers can dynamically adjust their subscriptions of
layers based on a TCP-style additive-increase-additive-decrease
scheme. In [15], layered video data scheduling schemes were proposed to achieve a high delivery ratio of layered video, where the
scheduling of requested video blocks was based on the importance
factors of video blocks.
To efficiently utilize available bandwidth resource, FEC can protect the layered streams with unequal error protection (UEP). The
performance of UEP scheme in FEC-based video streaming can be
further improved by using joint source-channel coding (JSCC)
[16–21], by which the constrained resource (e.g., uplink bandwidth, transmitted bits) can be optimally allocated between source
coding (i.e., layered video encoded by SVC) and channel coding (i.e.,
the FEC redundant packets) to minimize the visual distortion at the
receiver side. However, JSCC for P2P streaming has not yet been
well addressed. Several technical challenges still remain:
1. Packet loss estimation for a P2P network is much more complex
than that for traditional client–server structures, since video
packets are sourced from multiple peers rather than a single
server. Moreover, peers will usually unexpectedly join and
leave a system, and such peer churns can cause serious packet
loss. Hence, an accurate packet loss model for P2P networks is
desirable so that appropriate error protection can be taken to
mitigate packet loss.
2. When a parent-peer leaves from or joins in a P2P network, the
accessible bandwidths for its child-peers would decrease or
increase. Since such peer dynamics make the accessible bandwidth of child-peers from their parent-peers unstable, the allocation results of JSCC schemes would also fluctuate. Instead,
peers can estimate the uplink capacity of their parent-peers
based on the average capacity of their neighboring peers to
avoid short-term fluctuations. However, since the uplink bandwidth of peers is highly heterogeneous in a real-world P2P network, peers may not be able to correctly estimate their parentpeers’ average uplink capacity from the statistics of their neighboring peers. The inaccurate bandwidth estimation would lead
to incorrect bandwidth allocation between source-coding packets and channel-coding packets.
3. Parent-peers allocate their uplink bandwidth to transmit
source-coding packets and channel-coding packets subscribed
by child-peers. However, due to the limited uplink capacities
of parent-peers, the uplink bandwidth has to be optimally
allocated to maximize streaming performance, which is usually
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difficult considering the irregular inter-peer transmissions in a
P2P system.
To address the first problem, a few models for packet loss estimation in P2P networks were proposed [4,5]. In [4], an analytic
model was proposed to estimate the packet loss probability of a
candidate child-peer in a tree-based P2P network. In a tree-based
P2P network, each peer is located in a specific depth in the tree.
Therefore, the parent peers of each peer have the same packet loss
accumulation if the channel drop rates between peers are homogeneous. In contrast, in a mesh-based P2P network, the peers are randomly located in an irregular mesh structure. As a result, the
packet loss accumulation from the multiple parent peers is so
heterogeneous that the tree-based packet loss model in [4] cannot
correctly characterize the packet loss and propagation behavior.
Since many popular P2P streaming systems, such as CoolStreaming
[22], PPStreaming [23], and PPLive [24] are based on mesh structures, an accurate mesh-based packet loss model is desirable. In
[5], we proposed a model which takes into account the channel
packet drop rate, peer dynamics, and FEC protection to characterize the heterogeneous packet loss behavior of individual video substreams transmitted over the irregular transmission paths in a
mesh network.
To estimate the available system capacity of a P2P network,
peers can exchange bandwidth information with their neighbors
through ‘‘consensus algorithms” [25], which reach an agreement
of a certain quantity depending on the state of all peers. Consensus
propagation [26] was proposed for distributed averaging through
simple iterative computation at each node and message exchange
among peers. It has found applications in constructing a minimal
energy topology in wireless sensor networks [27], where the
energy cost of transmission nodes is averaged among nodes.
Besides, with consensus propagation, the user rating (e.g., on
movies, restaurants) can be shared to P2P social networks [28],
where no centralized server collects these rating messages. We
shall show in Section 3 that consensus propagation can be used
to accurately estimate the average uplink capacity of a P2P
network.
To address the issue of parent-peers’ uplink bandwidth allocations, a few sender-driven peer selection methods have been proposed in [5,13,29–31]. In sender-driven peer selection, each
parent-peer proactively allocates its uplink resource to deliver
video data to a selected set of child-peers, that have requested data
from the parent-peer, to maximize the overall system performance
in throughput, delay, etc. In LayerP2P [13], parent-peers give
higher priority in peer selection to those child-peers who have also
sent video chunks to the parent-peers in recent historic records. In
CoDiO [29], parent-peers schedule the delivery of packets to their
child-peers according to the packets’ impacts on visual distortion.
In addition, those child-peers who have contributed more uplink
bandwidth to distribute packets to more succeeding descendants
would have higher priorities in packet scheduling and resource
allocation for requesting packets from their parent-peers. In the
method proposed in [30], parent-peers maximize their available
throughput by executing a child-peer selection process. The uplink
bandwidth resources are optimally allocated to child-peers based
on the available bandwidth of uplink/downlink links and the playback deadline of parent/child-peers. In the rank-based peer selection scheme proposed in [31], a centralized server collects the
uplink bandwidth contribution of each peer and gives a rank to
each peer according to the peer’s bandwidth contribution. Based
on the ranking, a parent would serve its child-peers whose ranks
are higher than the rank of the parent-peer itself. Therefore the
video qualities for high-ranking peers can be guaranteed. In our
previous work in [5], a packet loss model is proposed to characterize the packet gains of recovering a lost pack to a peer’s
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descendants. Based on the model, a peer selection scheme is proposed to minimize the overall packet loss rate of a P2P streaming
system.
To the best of our knowledge, the JSCC scheme for P2P networks
has not been well addressed due to the lack of accurate packet loss
models for P2P streaming systems, especially for irregular mesh
network structures. In this paper, by extending our previous work
[5], we propose a hybrid sender/receiver-driven error protection
scheme for reliable SVC-based video streaming over mesh-based
P2P networks. The main contribution of this paper is twofold. First,
we propose a systematic error protection scheme, involving
packet-loss modeling, receiver-driven JSCC, and sender-driven peer
selection. In our scheme, given an estimated system uplink capacity, a receiver-driven JSCC mechanism is proposed by which each
child-peer minimize its received visual distortion by subscribing
to an appropriate amount of source and channel coding packets.
To maximize the uplink bandwidth of peers, parent-peers can
adaptively select child-peers to transmit subscribed packets
according to the rate-distortion contribution of the subscriptions
requested from child-peers. Second, we propose a scheme for accurately and stably estimating the parent peers’ average uplink
capacity based on consensus propagation [26] rather than estimating the average available uplink bandwidth of neighboring peers,
which is usually unstable due to the dynamics of neighboring peers
and thereby leads to fluctuating allocations of JSCC.
The rest of this paper is organized as follows. The framework of
FEC-based error protection is presented in Section 2. The proposed
JSCC scheme is described in Section 3. In Section 3.5, the peer selection method is presented. Section 4 shows the simulation settings
and the results. Finally, conclusions are drawn in Section 5.

2. Packet protection scheme for P2P streaming
2.1. FEC-based packet protection
In a P2P streaming system, as analyzed in [5], video packets
may get lost due to the following three causes: (1) Peer departure:
when a parent-peer leaves a system, its child-peers can no longer
receive packets from the parent-peer, leading to burst packet loss.
The burst packet loss cannot be alleviated until the child-peers find
a replacement parent-peer; (2) Link packet loss: the requested
packets are dropped due to transmission error or network congestion during transmission; (3) Absent packets in the subscribed
parent-peer: a child-peer cannot obtain a packet from its parentpeer if its parent-peer loses the packet. Note, FEC-based packet
protection can fully recover lost packets should a sufficient number
of FEC packets be received.
Fig. 1 depicts the proposed scheme of packetization with interleaving used in this paper. In our method, the SVC encoder generates an L-layer scalable bitstream. Without loss of generality, we
assume that the k fixed-length video packets of each layer compose
an FEC coding unit, denoted as an ensemble. In order to combat
against burst packet loss due to peer churns, our packet interleaver
writes source packets to ensembles in the order indicated by the
arrows as shown in Fig. 1.
Subsequently, the k video source packets of each ensemble are
encoded using the packet-level FEC(n,k) code to generate additional n–k FEC packets. The packets in the same corresponding
positions in a set of ensembles compose a video substream. As
exemplified in Fig. 1, video substream #1 contains the first packets
from ensembles #1 to #N. During a streaming session, child-peers
subscribe to the video substreams (i.e., the pull process) from their
parent-peers. Once the parent-peers accept the subscriptions, they
continuously push video packets to their child-peers (i.e., the push
process), as known as the push–pull methods [22].

Fig. 1. An FEC packetization example with FEC(6,4) code for L layer, where the
white blocks indicate the data packets and the gray ones indicate FEC redundant
blocks. The red crosses indicate the lost packets. The arrows indicate the packet
writing direction in our interleaver. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

In a heterogeneous environment, the packet drop rates of different links can vary largely. Thus different peers require different
protection capabilities to successfully recover lost packets. That
is, child-peers need FEC codes of different code rates, where the
code rate of FEC(n,k) code is k/n. An FEC code with a higher code
rate implies lower protection capability. Our method utilizes the
punctured Reed-Solomon (RS) code [32] to generate the FEC(n,k)
code. With the punctured RS code, peer y requires ny substreams,
ny 2 ðk; k þ 1; . . . ; nÞ to decode an ensemble by using a single FEC
(n,k) decoder instead of several FEC(ny,k) decoders. Therefore a
low-complexity decoder can be used to decode the FEC codes with
different code rates k/ny. As a result, if the number of received
packets in an ensemble is at least k, the source packets can be fully
recovered with the mother code FEC(n,k). Moreover, packets
encoded with punctured RS mother code can be widely exchanged
among peers, whereas the packets encoded with different code
rates, for example, FEC(6,4) and FEC(8,5), cannot be exchanged.
The number of available parent-peers is therefore constrained by
the exchangeability of FEC codes of different code-rates.
Fig. 1 illustrates an example of packet loss, where the loss of
substream #1 causes a burst packet loss in which the first packets
of the ensembles are all lost. When the number of received packets
in the same ensemble is more than k, the lost packets can be fully
recovered. For ensemble #N, however, the number of received
packets is less than k, therefore the lost packets cannot be
recovered.
The decoded video quality can be improved by using UEP, by
which peers can receive more redundant substreams for important
layer to recover the lost packets. However, since the demands for
redundant packets may vary largely for heterogeneous peers, a
method of determining an appropriate amount of redundancy for
each layered stream is desirable.

2.2. The packet loss model
Packet loss estimation for P2P networks is more complicated
than that for traditional client–server structures. Because the video
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sources involve multiple peers rather than a single server, packet
loss would propagate through the inter-peers transmissions. Moreover, in a mesh-based P2P network, the peers are randomly located
in the irregular mesh structure. Hence, estimating packet loss
propagation in a network with an irregular structure (e.g., a mesh
network) is much more complex than that in a regular network
structure (e.g., a tree network).
For single-layer non-scalable video streaming, we proposed an
analytic model in [5] to estimate the packet loss probability in a
mesh-based P2P network. Our model takes into account the
channel packet drop rate, peer dynamics, and FEC protection to
characterize the heterogeneous loss behavior of individual video
substreams in an irregular P2P mesh network. For the layered
video streaming, since the L-layer scalable video streams are
packetized with packet-level FEC independently, the packet loss
probability of layer l that peer receives nl substreams from nl
parent-peers can be expressed by

DE ðRssum ; Rcsum Þ ¼ DE ðPL Þ
¼

L
l
X
Y

m¼1

l¼1

D

1  Q m ðpm Þ

l
X



!
 Q lþ1 ðplþ1 Þ

!

ðuðpi Þ  Rs;i Þ ;

ð3Þ

i¼1

where Ql(pl) denotes the packet loss probability of layer l derived in
P 

l
(1) when the protection level is pl, and D
reprei¼1 uðpi Þ  Rs;i
sents the distortion of reconstructed frames decoded from errorP  
free substreams when the source coding rate is li¼1 Rs;i and u()
represents the unit step function.



Q
P 
Denoting al ¼ lm¼1 1  Q m ðpm Þ and ~rs;l ¼ li¼1 uðpi Þ  Rs;i , we
obtain the following relations

nl
X
l
Q ðn Þ ¼
Pni  qi ;
l

characterizes the expected distortion of each layer in a recursive
manner as follows:

ð1Þ

l

i¼0



a Q
l

l

where Pni denotes the probability of i parent-peers leaving the system, which can be modeled by Continuous-Time Markov Chain
(CTMC), and qi denotes the packet loss probability model which
captures the heterogeneous packet loss behavior of individual video
substreams transmitted over the irregular transmission paths of a
mesh network. The detailed derivation of (1) can be found in [5].
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The recursive representation for (3) can be rewritten as

DE ðPL Þ ¼

L1
X








al  alþ1  D ~rs;l þ al  Dð~rs;L Þ

ð6Þ

l¼1

DE ðPL1 Þ ¼

L2
X








al  alþ1  D ~rs;l þ al1  Dð~rs;L1 Þ:

ð7Þ

l¼1

3. Joint source-channel coding for P2P streaming

Combine (6) and (7), we have
3.1. Problem formulation

DE ðPL Þ ¼ DE ðPL1 ; PL Þ

To minimize the expected distortion at the receiver side, childpeers can subscribe to appropriate amounts of source and channel
coding packets under an uplink bandwidth constraint. Define the
source coding rate of layer l as the rate of the k data substreams
denoted as Rs,l, and the channel coding rate of layer l as the rate
of the subscribed redundant substreams denoted as Rc,l. The total
source coding rate Rs sum and channel coding rate Rc sum are the
P
sums of the rates of layers 0  L, that is, Rs sum ¼ Ll¼0 Rs;l and
PL
Rc sum ¼ l¼0 Rc;l , respectively.
Our JSCC scheme aims to systematically estimate the optimal
source coding rates Rs,l and channel coding rates Rc,l of L layers
given the uplink capacity of parent-peers so that the expected distortion of subscribed substreams can be minimized. The JSCC optimization problem can be formulated as

min DE ðRs
subject to

sum ; Rc sum Þ
L
X


ð2Þ


Rs;l þ Rc;l 6 Ruplink ;



¼ DE ðPL1 Þ þ aL1  1  Q L ðpL Þ  ðDð~r s;L Þ  Dð~r s;L1 ÞÞ:

ð8Þ

In general, the expected distortion when sending l layers, where
1 6 l 6 L, can be recursively calculated by

DE ðPl Þ ¼ DE ðPl1 ; Pl Þ


 


¼ DE ðPl1 Þ þ al1  1  Q l ðpl Þ  Dð~rs;l Þ  D ~r s;l1 :

ð9Þ

3.3. Optimal JSCC
To search for the optimal set of protection levels formulated in
(2), we propose a trellis-based iterative search algorithm. Let Nsub
be the number of substreams which can be subscribed to under
the constraint of estimated system capacity, i.e., Nsub = Ruplink/Rsub,
where Rsub represents the rate of each substream. Let U be the set

 
of trellis elements, as depicted in Fig. 2, /N ¼ PNL ; N; DE PNL

l¼0

where Ruplink denotes the estimated uplink capacity.
To solve (2), the optimal protection level of each layer needs to be
determined. Define PL ¼ ðp0 ; p1 ; . . . ; pL Þ as the set of protection
levels for L layers, where pl 2 ð1; 0; 1; . . . ; n  kÞ indicates the
protection level for layer l. That is, if the number of subscribed
substreams for layer l is less than k, pl =  1; otherwise, if k data substreams are subscribed, pl = 0, and so on. The maximum protection
level is thus the total number of redundant substreams, pl = n  k.
Assume that layer 0 is the initial layer and p0 = n  k.
3.2. Recursive rate-distortion models
In order to solve the constrained optimization problem in (2),
we adopt the SVC rate-distortion models proposed in [19] which

Fig. 2. A three-layer trellis structure involving all possible trellis elements which
are indicated by the lines from layer 0 to layer 3. The dash lines indicate an example
of trellis elements, namely /N.
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where PNL denotes the set of protection levels for the N subscribed
 
substreams, and DE PNL denotes the expected distortion given

PNL . Let Nt denote the target number of subscribed substreams in
each interaction, and U⁄ be the optimum protection level sets con-

taining the elements /Nt , N t ¼ 1; . . . ; N sub which reach the minimal
distortion among the elements /Nt with the identical value of Nt.
The optimal protection level sets can be determined by the
trellis-based search algorithm shown in Table 1.
In the beginning, peers need to receive at least k substreams for
layer one to obtain a baseline video quality. In step 3 of Table 1,
t þ1
/lNt þ1 and PNðL;lÞ
respectively indicate the trellis element and pro-

tection level set under which pl is increased by one (i.e., pl + 1)
when the target number is changed from Nt to Nt + 1. Moreover,


Nt þ1
can be recursively calculated from the result of
DE PðL;lÞ


DE PNL t . As a result, child-peers subscribe to the number of l layer
substreams according to /Nt , and then send the subscription
messages to the parent-peers who own the requested substreams.
The parent-peers then individually select their child-peers based
on a sender-driven peer selection scheme, as detailed in
Section 3.5.
Since child-peers subscribe to the uplink bandwidth in a distributed manner, the uplink bandwidths of parent-peers may not
be fully exhausted, leading to some remaining available bandwidth. Hence, after peers receive all of the subscribed substreams
determined by the trellis-based search algorithm, they still have
a chance to subscribe to one additional substream to further
reduce the expected distortion. Similarly, the new protection level
set can be determined like step 3. That is, for each layer l,


Nsub þ1
DE PðL;lÞ
is calculated, and then the new protection level set


N sub þ1
,
with the minimal distortion is selected from DE PðL;lÞ
l = 1 . . . L. If the additional subscription is accepted then peers can
then subscribe to the next additional substream.

available uplink bandwidth through a distributed peer selection
scheme, i.e., parent-peers do not corporately select the childpeers, the improper subscriptions will probably be accepted,
thereby leading to severe performance degradation. To address this
problem, our method utilizes the consensus propagation algorithm
[26], which is in nature a distributed averaging scheme, to estimate
the global average uplink capacity of parent-peers. With consensus
propagation, each peer only needs to exchange messages with its
neighbors without the need of collecting the global network topology information.
As depicted in Fig. 3, for any pair of peers {x,y}, the peers in set
Syx can obtain the uplink bandwidth information of the peers in
sets Sxy through the links between peer x and peer y. To estimate
the uplink bandwidth Ruplink, the peers in Syx must be provided
with the average uplink bandwidth message lxy among the observations at peers in Sxy and the cardinality Gxy ¼ jSxy j. Similarly, the
peers in Sxy need the information containing the average message

lyx among the observations at peers in Syx and the cardinality
Gyx ¼ jSyx j. Consider a simple P2P topology, i.e., no loop existing
in the network, the messages lxy and GðtÞ
xy transmitted from peer
x to peer y at time t can be viewed as iterative estimates of the values lxy and Gxy . The messages can be expressed by
ðtÞ

ðtÞ
lxy
¼

GðtÞ
xy

Ux þ

P

ðtÞ

i2Nx y

P

lðtÞ
ix

ð10Þ

ðtÞ
G
i2Nx y ix

1þ
X ðtÞ
¼1þ
Gix

ð11Þ

i2Nx y

where Ux denotes the uplink bandwidth capacity of peer x and Nx
denotes the neighbor peer set of peer x.
At time t, each peer can compute the estimated system capacity
Ruplink by
ðtÞ

Ruplink ¼

Ux þ

P

ðtÞ

i2Nx

1þ

P

Gix

lðtÞ
ix

ðtÞ

i2Nx

3.4. Consensus propagation
Due to the distributed nature of P2P systems, peers may not be
able to accurately measure Ruplink. Estimating Ruplink by averaging
the uplink bandwidths of one peer’s neighbors may lead to an estimate biased by the local neighbors, or even a fluctuating estimate
due to the dynamics of the local neighbors. The biased or fluctuating estimates of Ruplink would lead to improper subscription
requests from child-peers. Since parent-peers allocate their

Gix

Gix

:

ð12Þ

Since the distance between peer x and any peer in Sxy is smaller
or equal to the diameter of P2P network, if t is large enough to
allow the message lxy and GðtÞ
xy to traverse the diameter of P2P network, then the message will contain the uplink bandwidth capacities of all peers. Thus, we have lðtÞ ¼ l and G(t) = G⁄ and (12)
becomes
ðtÞ

ðtÞ
Ruplink

¼

Ux þ

P

1þ

Pi2Nx

Gix lix

i2Nx

Gix

¼ Ruplink :

ð13Þ

ðtÞ

As a result, Ruplink will converge to the global average Ruplink.

Table 1
Trellis-based search algorithm.
1.





Nt
t
Let Nt = k. Create the element /Nt ¼ PN
L ; N t ; DE PL



where

PNL t ¼ ð0; 1; . . . ; 1Þ

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
L

2.
3.

For each layer, search for elements /Nt having the same value of Nt
For each searched /Nt , if pl P 0, then increase pl by 1, i.e.,
N t þ1
PðL;lÞ
¼ ð. . . ; pl þ 1; . . .Þ and its corresponding expected distortion is





N t þ1
t þ1
t þ1
DE PN
; N t þ 1; DE ðPN
Þ in U
. Create an element /lNt þ1 ¼ PðL;lÞ
ðL;lÞ
ðL;lÞ

4.

On the other hand, if pl = 1, then increase pl by 1, and increase Nt by k.
t þk
Then PN
¼ ð. . . ; pl þ 1; . . .Þ and the corresponding expected distortion
ðL;lÞ




N t þk
N t þk
t þk
; N t þ k; DE ðPðL;lÞ
Þ in U
is DE PðL;lÞ . Create an element /lNt þk ¼ PN
ðL;lÞ

5.

Select the minimal expected distortion from the elements /lNt þ1 in U. The

6.

⁄
selected element /l
N t is copied into U
If N t ¼ N sub then terminate the algorithm. Otherwise, Nt = Nt + 1, then go
to step 2

In a real-world P2P mesh network, peers may constitute a loop
in which a peer traverses back to itself through one or multiple
hops along different substream delivery paths. In this case,
GðtÞ
xy ! 1 and the algorithm does not converge. We can use a
heuristic that adds an attenuation term in (11), that is

~ ðtÞ ¼ 1 þ
G
xy

X

ðt1Þ

Gix

ð14Þ

i2N x y

GðtÞ
xy ¼

ðtÞ
~ xy
G
:
ðtÞ
~
1 þ Gxy =b

ð15Þ

where b > 0 is a positive constant. In a loop-free network, the consensus propagation becomes the special case with b = 1.
In contrast, in a loop-prone network, GðtÞ
xy becomes increasingly
~ ðtÞ
grows.
Furthermore,
the
choice of b is critical
attenuated as G
xy
to the convergence time and accuracy. However, the optimal
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Fig. 3. Illustration of distributed averaging scheme based on consensus propagation.

choice is difficult to determine because the global topology information is required to minimize the convergence time. Hence, an
empirical search method can be applied to decide on the appropriate setting of b. According to our experimental results, the choice of
b = 2 can provide stable consensus results. The consensus propagation algorithm is summarized in Table 2. Peers will continuously
execute the consensus propagation algorithm until they leave the
P2P streaming system.
The messages lxy and Gxy can be exchanged between neighborpeers through gossip messages, which consume two 4-byte overhead to transmit lxy and Gxy , respectively. Suppose each peer
exchanges gossip message every one second with 100 neighborpeers. The overhead for the consensus messages is 6.4 kbps which
is almost negligible compared to video data rate.
3.5. Sender-driven contribution-guided peer selection

arg min

In order to increase the visual quality, a peer can subscribe to
source-coding substreams and channel-coding substreams by
sending subscription messages to its neighboring peers. Suppose
peer y sends a message to peer x to request a substream. Peer x
then adds peer y into its candidate child-peer set Cx . However,
due to the limited uplink capacity of peer x, the uplink capacity
has to be efficiently allocated to selected child-peers to maximize
streaming performance. Based on the proposed rate-distortion
models, our peer selection method would reject the subscription
requests from those ‘‘low-contribution” candidate peers whose
subscription cannot effectively assist in reducing distortion. Let
Ny + rxy be the total number of substreams expected to be received
by peer y, where rxy 2 f1; 0g indicates the peer selection decision
for candidate peer y. That is, if peer x selects peer y as a childpeer, rxy = 1; otherwise, rxy = 0. We use the set of random variables
n
o
r x ¼ rxy jy 2 Cx to represent the set of peer selection decisions.
Based on the proposed subscription scheme, child-peer y sends a
subscription message to parent-peer x to request one substream
of layer l, and then the protection level for layer l in child-peer y
is changed from pl to pl + rxy. The expected distortion after receiving the substream becomes



N þrxy

DE PL y





¼ DE . . . ; pl þ rxy ; . . . :

ð16Þ

Table 2
Consensus propagation algorithm.

lðtÞ
xy ¼ U x

1.

ðtÞ
At time t = 0, Gxy
¼ 0,

2.

At time t  1, peer y stores the recent received messages
n
o
ðt1Þ
lðt1Þ
; Gxy
jx 2 Ny from each neighboring peer
xy
n
o
ðtÞ
and forwards
At time t, peer y calculates the messages lyz ; GðtÞ
yz jz 2 Ny

3.

the messages to its neighboring peers. Based on the messages, peer y
ðtÞ

calculates Ruplink
4.

In the next time interval, t = t + 1, go to step 2

In our peer selection scheme, when a candidate child-peer
requests a substream from a parent-peer, the parent-peer will
evaluate the candidate peer’s contribution in distortion reduction.
Suppose parent-peer x selects its child-peers once every peer selection period. During a peer selection period, the child-peers who
already requested video substreams from peer x are added into
the candidate set of peer x. Besides, those child-peers who have
supplied the substreams of a video session and have connected
to peer x for more than T seconds are added into the candidate
set as well. Note, the connection time to a substream source is
set to be at least T seconds to avoid frequent switching (a.k.a. the
oscillation effect) among different substream sources. Conse x is determined by minimizing the overall
quently, the optimal r
expected distortion of the child-peers, under the uplink bandwidth
constraint as follows:
r x

X



N þr
DE PL y xy

ð17Þ

y2Cx

subject to

X

rxy  Rsub 6 U x and rxy 2 f1; 0g

y2Cx

Eq. (17) is equivalent to

argmax
r x

X

wy  rxy  DDy

ð18Þ

y2Cx

subject to

X

rxy  Rsub 6 U x and rxy 2 f1; 0g

y2Cx

where DDy ¼ DE ð. . . ; pl ; . . .Þ  DE ð. . . ; pl þ 1; . . .Þ. Note, this optimization problem is kind of 0/1 knapsack problem which can be solved
by dynamic programming [33]. Note, the bandwidth utilization can
be further improved by selecting rxy ; 0 6 rxy 6 1. In this case, the
child-peers will only receive the substream partially, and then have
to request the remaining of the substream, leading to more complicated system design and unstable visual quality.
3.6. Complexity analysis
In the proposed trellis-based search algorithm presented in
Table 1, a peer searches for the optimal protection level set composed of Nt substreams by adding one protection level to each layer
from the searched protection level sets composed of Nt  1 substreams. Hence, the protection level set will be increased by at
most L at one iteration. In the next iteration, the L new protection
level sets are calculated from each protection level set generated in
the previous iteration. Therefore, there will be at most LL calculations in one iteration. Since the target number of substream is Nt,
there will be Nt iterations in the algorithm. Therefore, the computation complexity is O(NtLL). Note, in practical scalable video application, the number of layers L is a constant and usually does not
exceed 5. Hence, the complexity of the search algorithm is not
high.
Each parent-peer uses (18) to select the high-contribution
child-peers to forward substream packets. Since jCx j is the number
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divided into L layers and each layer is further encoded with FEC
(n,k) to generate n substreams. Hence, each child-peer will subscribe L  n substreams at most. Assume a P2P network has jNlive j
live peers, where Nlive is the live peer set. There will be
jNlive j  L  n requests that need to be served by jNlive j parent-peers.
Hence, each parent-peer on average receives L  n requests from
L  n candidate child-peers, i.e., jCx j  L  n. In real-world applications, the number of L usually ranges from 3 to 5, and the choices
of n and k are few (say, less than 10) to reduce decoding complexity. Besides, the allocation bandwidth unit Rsub = Rs,l/k is usually not
too small. As a result, the computational complexity of (18) for
 x in parent-peers is affordable.
finding the optimal r
4. Experimental results
We used P2Pstrsim [34] to evaluate the accuracies of uplink
bandwidth estimation and the performances of error protection
schemes. We used GT-ITM [35] to generate a topology with 1000
peers as the configuration of simulations with P2Pstrsim. The
end-to-end delay between two peers is set to be distributed in
the range of 10–500 ms uniformly. The simulation time is set to
30 min, where peers uniformly join the network within 30 min,
and then leave the system independently after mean user viewing
time Tv, which is assumed to be uniformly distributed in the range
of Tv/2–3Tv/2. We set Tv = 30 min in our simulations, thus making
the viewing time of peers distribute in the range of 15–45 min uniformly. We also assume each user records the number of parentpeer departures in a time period and the average time to find a
new replacement parent-peer so as to calculate the peer dynamic
parameters used in our packet loss models [5].
We encoded four video sequences including Foreman, Football,
City, and Ice into 3 SNR scalable layers using the Joint Scalable
Video Model (JSVM) version 9.15 SVC coder [37]. The resolutions,
bit-rates of each layer, and PSNR values of receiving 1–3 layers
(i.e., BL, BL + EL-1, BL + EL-1 + EL-2) for the five sequences are listed
in Table 3. For each layer, the encoded bitstream is divided into k
substreams transmitted using the UDP protocol, each being further
divided into fixed-length packets of 1250 bytes. Each ensemble is
encoded with FEC(n,k) code, therefore consisting of n packets,
including k packets from the k substreams, respectively, and nk
redundant packets that compose the nk additional substreams,
where n = 8 and k = 4 in our experiments. As a result, peers can
choose either of five code-rate FECs [i.e., FEC(ny,4), ny = 4, 5, . . . ,
8] of different protection capabilities according to the codes’ distortion gains. Peers send out subscription messages to request
their unavailable substreams once every data scheduling period
that is set to 3 s. When the content server sends out the last packet
of a video bitstream, it will start to send the first packet of the
video again.
Note, our experiments were mainly designed to simulate wireline networks with different levels of congestion, which lead to different link packet drop rates (1–15%). Nevertheless, to address the

burst loss problem due to peer churns, our method uses packetlevel FEC with interleaving. To tackle the burst packet loss for wireless channel, our rate distortion model (3) can be combined with
an existing burst packet loss model [36] to estimate the distortion
due to burst packet loss so as to provide efficient packet protection
accordingly.
To evaluate the quality scalability of the proposed error protection scheme for scalable video bitstreams in a heterogeneous network, we synthetically set that the peer distribution is composed
of 30% peers with 1800 kbps uplink bandwidth, and 70% peers with
various uplink bandwidths ranging from 400 kbps to 1500 kbps to
simulate a P2P network where peers may have different uplink
capacity. The packet drop rate of each link is set to be uniformly
distributed in a specified range, e.g., for the peers of [1%, 5%], the
link packet drop rate is uniformly distributed in the range of 1–5%.
We first evaluate the accuracy of uplink capacity estimation
schemes with the 95% confidence interval, as depicted in Fig. 4.
We compare three results: (1) the actual average uplink capacity
(denoted as ‘‘Actual”) calculated by averaging the uplink bandwidths of peers in two classes, (2) the uplink capacity estimated
by the consensus propagation algorithm, denoted as ‘‘Consensus,”
and (3) the uplink capacity estimated by averaging the uplink
P
bandwidths of neighboring peers, i.e., Ruplink ¼ i2Nx U i =jNx j,
denoted as ‘‘AverageNB.” As depicted in Fig. 4(a), the confidence
interval with the Consensus scheme are 3.7 kbps, 3.3 kbps,
3.5 kbps, 2.3 kbps, and 1.9 kbps for the uplink bandwidths 400,
600, 900, 1200 and 1500 kbps, respectively. In contrast, the AverageNB scheme leads to significantly larger confidence interval:
62.5 kbps, 63.8 kbps, 57.7 kbps, 39.5 kbps, and 28.8 kbps for the
five uplink bandwidths, respectively. The reason is that, with the
AverageNB scheme, peers estimate the uplink capacity solely based
on the statistics of their local neighboring peers, therefore the estimation result can be biased by the local statistics. Particularly,

(a) 1800
Actual

esmated uplink capacity

of candidate child-peers of peer x and b = Ux/Rsub is the number of
substream can be served by peer x, the complexity of (18) is


O jCx j  U x =Rsub . In the proposed scheme, each video bitstream is

1600

Consunsus

AverageNB

1400
1200
1000
800
600
400

600

900

1200

1500

uplink bandwidth of 70% peer

(b)

42
40

average PSNR

796

38

Consunsus
AverageNB

36
34
32

Table 3
Source coding parameters.

30

Sequence

Resolution

Layer rate

PSNR of receiving 1–3 layers

Foreman
Football
City
Ice
SaraAndKeristan

CIF@30fp
CIF@30fps
4CIF@30fps
4CIF@30fps
720P@30fps

300 kbps
700 kbps
1600 kbps
1000 kbps
800 kbps

30.15 dB,
29.29 dB,
29.23 dB,
34.31 dB,
31.07 dB,

35.48 dB,
33.92 dB,
33.73 dB,
38.71 dB,
35.94 dB,

38.91 dB
37.93 dB
36.34 dB
40.97 dB
41.63 dB

28
400

600

900

1200

1500

uplink bandwidth of 70% peer
Fig. 4. Performance comparison (Foreman sequence) of two uplink capacity
estimation schemes heterogeneous networks: (a) uplink capacity estimation
accuracies; and (b) PSNR performances with the two estimation schemes.
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10
9
8
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under the setting of 70% peers with low uplink bandwidth (i.e.,
400 kbps and 600 kbps), the dynamics (i.e., joining and leaving)
of the peers with high uplink bandwidth (i.e., 1800 kbps) would
lead to higher variation on the estimated uplink capacity of their
neighbor-peers. However, thanks to the message propagation used
in the Consensus scheme, peers would gain much better knowledge about the global capacity of the P2P network so as to obtain
significantly accurate estimates of the network’s uplink capacity
no matter how they connect to their neighbors. Fig. 4(b) shows
the PSNR performance of proposed P2P streaming scheme based
on the two uplink capacity estimation schemes. The proposed protection scheme with Consensus estimation achieves higher and
more stable PSNR performance compared to that with AverageNB,
because, with better estimates of uplink capacity, peers would
request subscriptions more appropriately, thereby reducing the
distortion due to inadequate bandwidth allocation. On the contrary, when AverageNB overestimates the uplink capacity for a
peer, the peer would aggressively request subscriptions, and part
of the subscriptions will be rejected by its parent-peers due to their
limited uplink capacity which will cause visual quality degradation
compared to the optimal subscriptions. On the other hand, when
AverageNB underestimates the uplink capacity for a peer, the peer
can obtain additional substreams by sending excessive trial subscriptions without considering the uplink capacity constraint.
However, the trial subscriptions would only reach a local optimum
rather than the global optimum that takes into account the overall
constraints of uplink capacities for all subscripted substreams. As a
result, our protection scheme with AverageNB leads to worse PSNR
performance compared to that with consensus propagation.
Fig. 5 shows the performances of the proposed method using
different bandwidth estimation intervals for exchanging consensus
propagation messages. The simulation settings are the same as
Fig. 4 but the uplink bandwidth capacity is set to 400 kbps for
70% peers. As depicted in Fig. 5(a), the bandwidth estimation
results of interval 1 s, 5 s, 10 s, 20 s, and 60 s are 822.5 kbps,
809.8 kbps, 801.5 kbps, 750.6 kbps, and 556.7 kbps with confidence interval 19.5 kbps, 43.3 kbps, 46.8 kbps, 105.7 kbps and
151.5 kbps, respectively. Since the neighbors of a child-peer may
dynamically join/depart the network, the child-peer will possibly
capture out-of-date and inaccurate uplink bandwidth estimates
should the estimation time interval is long, leading to visual quality degradation as illustrated in Fig. 5(b). The average PSNR performances for intervals of 5 s, 10 s, 20 s and 60 s are degraded by
0.62 dB, 0.83 dB, 1.15 dB, and 1.5 dB, respectively, compared to
that for the interval of 1 s. Although a shorter interval achieves
more accurate estimation results and thus better PSNR performance, it also incurs more overhead to transmit lxy and Gxy . However, as shown in Fig. 5(c), the overhead is almost negligible
compared to the video data rate even if the interval is one second.
Hence, we set the bandwidth estimation interval to be one second
in the following simulations.
Next, we evaluate the performances of the four P2P scalable
video streaming schemes: (1) Our JSCC scheme based on the hybrid
sender/receiver-driven peer selection: Child-peers subscribe to
layered substreams according to the optimal protection set
described in (1). Parent-peers then select their child-peers according to the child-peers’ contributions in distortion reduction as
described in (18); (2) Sender-driven peer selection [5] (denoted
as ‘‘Sender-driven”): Child-peers subscribe to substreams layer
by layer without considering rate-distortion optimization.
Parent-peers then select their child-peers according to the
child-peers’ contributions in distortion reduction as described in
(18); (3) Throughput-based streaming scheme [12] (denoted as
‘‘Throughput”): Based on the available bandwidth information of
their neighbors obtained through the gossiping messages,

7
6
5
4
3
2
1
0
1

5

10

20

60

bandwidth esmaon interval (second)
Fig. 5. Performance comparison (Foreman sequence) of the proposed method using
different bandwidth estimation intervals for exchanging consensus propagation
messages: (a) uplink capacity estimation accuracy; (b) PSNR performances; and (c)
overhead. The dot line indicates the ground truth (i.e.: 820 kbps).

child-peers select their parent-peers to maximize their utility evaluated based on the importance of layers; (4) Incentive-based
streaming scheme [13] (denoted as ‘‘Incentive”): Child-peers categorize their subscriptions into two types: regular subscriptions and
probing subscriptions. They first request regular subscriptions,
including the substreams of lower layers, under an uplink capacity
measured from neighboring peers. Then, they send probing subscriptions if their parent-peers have surplus uplink bandwidth
allocated to the child-peers. The substreams in the regular subscriptions are not prioritized among different layers, whereas the
substreams in the probing subscriptions are requested layer by
layer. Parent-peers give higher transmission priority in peer selection to those child-peers who have also contributed in sending
video data to the parent-peers as well.
Fig. 6 compares the PSNR performances of four P2P streaming
schemes under various link conditions. Fig. 6(a) shows the PSNR
performance under a low link packet drop rate of [1%, 2.5%]. The
results show that Incentive and Sender-Driven do not perform well
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36
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26
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24
22
400

900
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uplink bandwidth of 70% peer
Fig. 6. PSNR performance (Foreman sequence) for peers with various uplink
bandwidths under two different link packet drop rate ranges: (a) [1%, 2.5%] and (b)
[1%, 10%].

when the uplink bandwidth is lower than 1500 kbps. The proposed
scheme outperforms Throughput significantly when the uplink
bandwidth is set to 400 kbps and 1200 kbps. Note, the proposed
method achieves the PSNR quality of 38.5 dB when the uplink
capacity is 1200 kbps, whereas the other three schemes require a
bandwidth of up to 1500 kbps to achieve the same level of PSNR
quality. The reason is that, in the proposed scheme, each childpeer determines the numbers of source substreams and channel
substreams to subscribe to in a rate-distortion optimization manner according to an estimated system uplink capacity. Furthermore, the contribution-guided peer selection can efficiently
allocate the uplink bandwidth to the subscribed substreams
according to their rate-distortion importance. In contrast, Incentive
and Throughput simply adopt layered prioritization (i.e., the lower
the layer, the higher the priority) which cannot accurately reflect
the rate-distortion importance of substreams. All schemes can
obtain reliable visual quality under 1500 kbps peer uplink bandwidth which is sufficient to transmit all substreams. However, as
shown in Fig. 6(b), the PSNR performances of all schemes degrade
as the link packet drop rate increases to [1%, 10%]. Nevertheless,
the proposed method stably achieves the best visual quality at
all bit-rates under the two different ranges of link packet drop rate.
Fig. 7(a) compares the PSNR performances of four P2P streaming schemes for peers with an uplink bandwidth of 1200 kbps
and heterogeneous link packet loss conditions. The results are consistent with those in Fig. 6 in which the proposed scheme outperforms the other schemes under the link packet drop rate ranges
from [1%, 5%] to [1%, 10%] and is comparable with the others under
the ranges from [1%, 12.5%] to [1%, 15%]. The average numbers of
received substreams in the ranges [1%, 5%] and [1%, 15%] are also
compared in Fig. 7(b) and (c), respectively. With the Throughput
scheme, the average numbers of received substreams in layers 1
and 2 are 7.98 and 7.83, which are significantly larger than the
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0.01-0.125

8

Sender

600

0.01-0.10

link packet loss rate

(b)

(b) 40

28

0.01-0.075

1500

average # of received substreams
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Fig. 7. Performance comparison (Foreman sequence) of four P2P streaming
schemes for 70% peer with uplink bandwidth of 1200 kbps under heterogeneous
link conditions: (a) the PSNR performance; (b) the average number of received
substreams under link packet drop rate [1%, 5%]; (c) the average number of received
substreams link packet drop rate [1%, 15%].

number 2.5 of layer 3. As a result, this protection level set still
can provide reliable streaming services under a heavy packet loss
condition [1%, 15%]. Under a low packet loss range of [1%, 5%], since
the Throughput scheme does not consider the effect of packet loss,
the average numbers of received substreams are close to that
under the heavy packet loss condition. Because the uplink bandwidth is largely occupied to transmit the excessive redundant substreams in lower layers, the number of received substreams of
layer 3 is not sufficient to increase visual quality. As a result, the
increase of PSNR performance is insignificant under the low packet
drop rate ranges. In the Incentive scheme, because the substreams
in regular subscriptions are not prioritized among different layers,
the lower layers (i.e., layers 1 and 2) are not well protected. Moreover, parent-peers tend to allocate more of their uplink bandwidth
to the child-peers who have also contributed more uplink bandwidth to the parent-peers. Therefore, the Incentive scheme cannot
accurately reflect the rate-distortion importance of substreams. As
a result, the numbers of received substreams for three layers are
almost identical, thus making this protection level set not able to
tolerate heavy packet loss. In the Sender-Driven scheme, the
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parent-peers perform the contribution-guided peer selection [5] to
allocate their uplink bandwidth to the subscriptions from highercontribution client-peers. However, these accepted subscriptions
usually do not compose the optimal protection level set which
leads to the minimal expected distortion. Hence, the SenderDriven scheme cannot achieve as good PSNR performance as the
proposed scheme does. With the proposed method, thanks to the
accurate packet loss models, each peer can subscribe to an appropriate number of redundant substreams for each layer to receive
reliable streaming quality. As depicted in Fig. 7(b), peers receive
more substreams of layer 3 on average [i.e., 5.27 versus 4.23 in
Fig. 7(c)] under the low packet loss condition, thereby increasing
the quality gain obtained from higher SNR layers. In addition, as
shown in Fig. 7(c), when the packet drop rate increases to [1%,
15%], peers receive more substreams of layers 1 and 2 (i.e., [7.27,
6.53] in Fig. 7(c) versus [6.58, 6.31] in Fig. 7(b)) to obtain the quality gain from packet loss recovery. Nevertheless, the number of
received substreams of layer 3 is not sufficient to recover the
packet loss under the heavy packet drop rate range [1%, 15%].
Hence, the average PSNR is not as good as that of the low packet
loss case.
Fig. 8(a) compares the PSNR performances of four P2P scalable
streaming schemes under different mean user viewing time settings. The average numbers of received substreams for user viewing time 30 min and 5 min are also compared in Fig. 8(b) and (c),
respectively. When a parent-peer unexpectedly leaves a P2P
streaming system, its descendants would suffer from burst packet
loss, thereby leading to severe degradation of decoded video quality if the video packets are not well protected. Since the Incentive
scheme does not take into account the peer departure behavior, its
performance is worse than the other three schemes. In the
Throughput scheme, the numbers of received layered substreams
are very close under all viewing time settings, as depicted in
Fig. 8(b) and (c). Compared with the case of short user viewing
time of 5 min, when the user viewing time increases to 30 min,
the video quality cannot be further improved because the number
of received layer-2 substreams does not increase. In contrast, since
the packet loss model in the proposed scheme takes into account
peer dynamics behaviors, it can maximize the quality gain of subscribed substreams under different levels of peer dynamics. As
depicted in Fig. 8(b), on average peers receive more layer-2 substreams [6.01 versus 4.87 in Fig. 8(c)] under low peer dynamics.
As shown in Fig. 8(c), peers receive more layer-1 substreams
[6.36 versus 5.87 in Fig. 8(b)] under heavy peer dynamics.
Although the number of received layer-1 substreams with the proposed scheme is fewer than that with the Throughput scheme,
both numbers are sufficient to fairly well recover the packet loss
caused by the heavy peer dynamics. Furthermore, since the more
layer-2 substreams received with the proposed method contributes additional quality gain, the proposed scheme outperforms
the Throughput scheme under heavy peer dynamics (i.e., short
viewing time). In the Sender-driven scheme [5], peers optimally
allocate their uplink bandwidth to the subscriptions according to
their quality gain which takes into account peer dynamics as well.
Therefore, the numbers of received substreams of three layers can
adapt to the different levels of peer dynamics. However, the numbers of received substreams determined by parent-peers distributedly are not optimized for child-peers. With the same number of
received substreams, the proposed JSCC scheme based on the
receiver-driven subscription can minimize the expected visual distortion for child-peers, thereby outperforming the others in terms
of PSNR performance.
Table 4 compares the average PSNR performances of four P2P
streaming schemes for transmitting four videos with different resolutions and content characteristics. The results show that in most
cases the proposed scheme achieve the best visual quality (see the
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Fig. 8. Performance comparison (Foreman sequence) of four P2P streaming
schemes for 70% peer with uplink bandwidth of 900 kbps under link packet loss
1%: (a) the PSNR performance; (b) the average number of received substreams
under user viewing time 30 min; (c) the average number of received substreams
under user viewing time 5 min.

numbers highlighted in bold-face) compared to Sender-driven,
Incentive, and Throughput. The Throughput scheme achieves comparable performance with the proposed method only at low uplink
bandwidths of peers and a high link packet drop rate range. The
improvement of our method comes from the more accurate packet
loss model and rate-distortion model used in our scheme to determine the error protection capability of each layer according to the
content characteristics (i.e., in terms of compression distortion) of
layers. Hence, our scheme achieves robust visual quality for various video contents under heterogeneous network conditions.
Fig. 9 illustrates two video frames reconstructed from two
layer-streams and one layer-stream., respectively, under the scenario that 70% peers have 900 kbps uplink bandwidth with 1%
under link packet loss. The proposed scheme achieves the average
PSNR performance of 35.07 dB, and most peers can stably receive
two layer-streams, leading to the visual quality shown in Fig. 9
(a). With the other schemes, however, many peers only receive
one layer-stream, resulting the visual quality as illustrated in
Fig. 9(b).

800

C.-W. Lo et al. / J. Vis. Commun. Image R. 38 (2016) 790–801

Table 4
Performance comparison of four P2P streaming schemes for four video sequences.
Settings

Proposed

Link packet drop rate

[1%, 2.5%]

Uplink bandwidth of 30% peers 1800 kbps
Uplink bandwidth of 70% peers
400 kbps
600 kbps
900 kbps
1200 kbps
1500 kbps

Y-PSNR (dB) of Foreman (CIF@30fps)

Uplink bandwidth of 30% peers 5000 kbps
Uplink bandwidth of 70% peers
700 kbps
1500 kbps
2300 kbps
3100 kbps
3900 kbps
Uplink bandwidth of 30% peers 10,000 kbps
Uplink bandwidth of 70% peers
2000 kbps
3600 kbps
5200 kbps
6800 kbps
8400 kbps
Uplink bandwidth of 30% peers 5000 kbps
Uplink bandwidth of 70% peers
1800 kbps
2600 kbps
3400 kbps
4200 kbps
5000 kbps
Uplink bandwidth of 30% peers 5000 kbps
Uplink bandwidth of 70% peers
1800 kbps
2600 kbps
3400 kbps
4200 kbps
5000 kbps

33.52
35.07
35.48
38.50
38.40

[1%, 10%]

30.34
34.91
35.01
35.86
38.40

Sender-Driven [5]

Throughput [12]

Incentive [13]

[1%, 2.5%]

[1%, 10%]

[1%, 2.5%]

[1%, 10%]

[1%, 2.5%]

[1%, 10%]

30.22
30.41
33.78
35.45
38.33

30.47
34.48
35.28
35.65
38.32

30.40
33.34
35.20
35.42
38.10

25.23
28.56
32.78
35.85
38.09

23.42
27.41
32.07
34.84
37.88

29.34
30.61
33.34
36.98
37.88

31.35
33.51
34.04
37.21
37.81

29.26
32.90
33.65
36.52
37.72

30.06
32.03
32.48
36.97
37.57

28.52
32.42
32.22
36.23
37.56

29.31
30.31
32.84
35.08
36.08

29.86
33.18
33.61
34.88
35.93

29.36
33.14
33.56
34.43
35.89

25.68
29.97
30.18
34.79
35.89

24.66
28.63
28.86
33.74
35.78

34.47
35.18
37.51
38.52
40.51

36.49
38.30
38.56
38.86
40.18

34.69
38.09
38.50
38.60
40.38

31.31
33.13
34.84
37.43
40.18

29.67
31.29
34.07
37.08
40.04

34.53
34.16
36.81
40.46
41.58

34.17
35.40
39.54
40.09
40.98

34.70
35.41
38.79
40.32
40.67

33.87
36.27
38.98
40.23
40.85

33.78
34.57
37.94
40.27
41.28

30.60
31.91
34.40
37.24
38.37

Y-PSNR (dB) of Football (CIF@30fps)
32.51
33.56
36.23
37.82
37.83

30.33
33.17
33.82
37.66
37.84

29.45
32.96
34.17
37.19
37.81

Y-PSNR (dB) of City (4CIF@30fps)
31.72
33.56
33.76
35.97
36.27

29.34
33.53
33.57
35.96
36.21

29.62
31.85
33.25
35.56
36.15

Y-PSNR (dB) of Ice (4CIF@30fps)
37.75
38.43
38.69
39.45
40.90

34.59
38.54
38.51
38.68
40.77

34.87
36.74
37.87
39.56
40.67

Y-PSNR (dB) of SaraAndKeristan (720p@30fps)
38.26
41.35
41.47
41.56
41.61

36.32
39.97
41.35
41.57
41.59

33.32
37.74
40.88
41.62
41.59

Fig. 9. Visual quality comparison (Foreman sequence) for the scenario that 70% peers have 900 kbps uplink bandwidth with 1% under link packet loss: (a) peers receive two
layer-streams; (b) peers receive only one layer-stream.

5. Conclusion
In this paper, we proposed a hybrid sender/receiver-driven ratedistortion optimization framework for reliable P2P streaming. We
have proposed a UEP JSCC scheme based on receiver-driven subscriptions to minimize the distortion of subscribed substreams
by selecting an appropriate number of SVC and FEC redundant substreams based on the estimated global system capacity. To tackle
the problem of unstable available bandwidth from parent-peers,
we have proposed an uplink capacity estimation scheme based
on consensus propagation to provide reliable and accurate estimates of system capacity for JSCC optimization. Furthermore, we
have also proposed a sender-driven peer selection scheme which
tends to reject low-contribution child-peers to maximize the

rate-distortion efficiency of bandwidth allocation under the
parent-peer’s uplink bandwidth constraint. Our simulation results
show that the proposed peer selection method achieves significantly visual quality improvement over the compared streaming
methods.
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