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Abstract

Scalability in a peer-to-peer network is a challeng-
ing problem. Unstructured peer-to-peer networks inher-
ently lack scalability, and structured networks are inef-
ficient for a high churn rate. In this paper, we present
a scalable search algorithm for a decentralized un-
structured peer-to-peer network using a method to dy-
namically determine the number of nodes to forward
a query to at once. The decision is based on the de-
gree to which each neighbor has contributed to previous
successful searches. The algorithm automatically cre-
ates a spanning graph of the high traffic links. Once a sta-
ble spanning graph is created, a query tends to travel
along the edges of the spanning graph. This way, the num-
ber of hops required for a search is roughly bound by the di-
ameter of the spanning graph. The simulation shows that
our algorithm demonstrates significantly better perfor-
mance in terms of the number of messages generated
and hops required for a search over other popular algo-
rithms.

Keywords: P2P, resource discovery algorithms, dis-
tributed systems performance

1. Introduction

Over the past decade peer-to-peer (P2P) network has
shown rapid and significant growth along with the growing
Internet traffic. P2P networks currently take a major share
of the Internet bandwidth. The popularity of the P2P net-
work has been triggered by the need of file-sharing over the
network, which made the study of performance, and scala-
bility of such networks an interesting area of research.

P2P networks are classified based on the topology that
they create and their degree of centralization. A central-
ized P2P network is the one which has a dedicated central
server for maintaining the information of the files shared
along with their locations. This architecture is vulnerable to

single point of failure. Napster is an example of such a net-
work [9].

Decentralized P2P networks overcome this drawback by
not having single central server. In a decentralized P2P
network, no node has any special capabilities and all the
nodes behave in the same manner. Decentralized networks
are further classified as structured and unstructured. In
structured networks, the object! placement is determinis-
tic which helps in satisfying a query? easily. Such struc-
tured networks are confined only to the research literature
and are practically non-existing in the real networks [3], [6]
and [7] are examples of structured network.

In decentralized unstructured network, the precise loca-
tion of an object is not known. Since this topology is more
in use today there is a need to improve on the search mech-
anism of this architecture. Gnutella is an example of such a
network. Further details of the classification of P2P can be
found in [3].

A decentralized unstructured P2P overlay® network is
built on top of the existing network topology. This is similar
to building a connected graph, wherein every node knows
only about a limited set of other nodes on the graph. In such
networks, the precise object location is not known. A search
technique has to be deployed in order to inquire at each node
present in the network about the presence of the object.

Early search mechanisms primarily used flooding [1] or
k-random walk [2] algorithms. In the flooding approach,
each node propagates the query to all its neighbors. On a re-
ceipt of a query, the node searches in its local repository. If
the object is found, it informs the query originator and fur-
ther search in that path terminate. If not, the node further
forwards the query to all its neighbors. To avoid duplicate
query servicing, each node maintains a list of all the queries
that it has serviced. As the number of nodes scanned per hop

1 The terms object and file are used interchangeably throughout the pa-
per.

2 Throughout this paper, query signifies an object / file search in the
P2P network and the terms query and search are used interchangeably.

3 An overlay network is built on top of the existing real network by log-
ically connecting the involved nodes.



is high, the search time (i.e., the number of hops/query) re-
quired is reduced.

The flooding method generates a large amount of net-
work traffic. To overcome this problem, random walk al-
gorithms are often used. In the random walk search algo-
rithm, the number of nodes to which a query is forwarded
by each node NV; is limited to a number k& [2], where value
of k is between 1 and N B;, where N B; is the number of
known neighbors of node N;. These k£ nodes are selected
randomly. Though highly random and non-deterministic,
this approach is demonstrated to work more efficiently than
flooding [4], [8].

This technique uses feedback from the previous searches
which helped probabilistically guide the future ones. The
grade of a node is determined by this feedback information,
which indicates the possible success rate.

This paper presents an algorithm for improving the ob-
ject search mechanism in decentralized unstructured P2P
network by using heuristics based on the configuration, per-
formance and historical contribution of a node with respect
to successful object searches.

Our search method, Activity Based Search (ABS), im-
proves the previous probabilistic search techniques by mak-
ing the k value adaptive*. Under ABS, each node keeps a
list of known neighbor nodes sorted by the degree to which
each neighbor has contributed to the previous successful
search (such degree values are called “activity levels”). Ev-
ery query is sent to the top k4 nodes. A distinctive feature of
our algorithm is that, unlike [11], a node does not consider
the exact semantic preference when choosing the nodes to
forward a query to. A node simply considers the previous
success ratio, regardless of the objects being searched, to
determine a set of nodes to forward a query to. Thus, its
scalability is better than that of APS in terms of the stor-
age size.

Simulations show that our algorithm automatically cre-
ates a spanning graph of the nodes fairly quickly (see Fig-
ure 1), where the nodes in the graph represents the nodes
in the network and the edges in the graph represents a sub-
set of the links in the network. The communication traffic on
the edges in the spanning graph is substantially higher than
that on links not in the spanning graph. Efficient creation of
such a spanning graph is realized by the dynamically adapt-
ing value of k4 and selecting nodes with the highest activity
levels to forward a query to.

The performance simulation demonstrates that our algo-
rithm demonstrates significantly better performance than k-
random walk and 1-random walk. Our messages-per-query
is much less than that of k-random walk, yet our number

4 To indicate that our k value dynamically changes, we use notation kg
to denote our k value.

of hops to reach the target nodes is much less than that of
1-random walk and even slightly less than k-random walk.
The organization of the paper is as follows: related pre-
vious work is briefly described in Section 2, our algorithm
is presented in detail in Section 3, and the experimental re-
sults are presented in Section 4. We conclude in Section 5.

2. Previous Work

Random walk search algorithms have demonstrated to
perform well in unstructured decentralized P2P networks
[4]. However there has been attempts to further improve the
basic random walk algorithms. These works try to improve
the random walk algorithms either by using feedback from
the previous search results [5], [10], [8] or by constructing
different overlays depicting node-level semantics, e.g. tem-
poral and geographical localities [11], [12], [13], [14].

The feedback mechanism is used in building a profile
of the known neighboring nodes. When a query has to be
forwarded further, the node uses these profiles to rank the
neighboring nodes. The feedback information is maintained
in the form of grade for each node. This grade is then in-
creased or decreased depending upon the result of the ob-
ject search passing through the node. Thus both learning
and unlearning characteristics are exhibited by the nodes.
The query is forwarded to top-performing k nodes, i.e. the
nodes having top k grades.

Dimitrios et. al. [5] discusses such a method. In this, only
k walks are generated, i.e., the query originator forwards the
query to k nodes in the first level of search. If the object is
not found in the local repository, the node further forwards
the query to only one top performing node. So from the sec-
ond level onwards the query is forwarded only to one node.
In-effect this limits the search within the % paths. Further-
more, the value of k is fixed at each node and is not adaptive
to dynamically changing network sizes. The k value of our
ABS algorithm, denoted the k; value, is dynamically ad-
justed to improve search performance.

[11], [13] and [14] present a technique to make the net-
work scalable by exploiting the common interests of the
peer nodes. Their protocol has demonstrated to improve the
search results. However, they emphasize creation and main-
tenance of the semantic overlays, rather than enhancing the
scalability of the search. Our approach dynamically adjusts
the degree of flooding to make the search more scalable.

Chawathe et. al. [15] suggests a topology-aware P2P sys-
tem, which dynamically adapts to the changing network
topology. This involves balancing the degrees of a node pro-
portional to its capacity as defined by its access bandwidth,
processing power and disk speed. Search mechanism, how-
ever, does not attempt to scale with the network size and the
number of nodes involved in an object search is static. node



(a) 75 queries.

(b) 250 queries.

(c) 500 queries.

Figure 1. Connectivity graph for 10 nodes. Note similarity of overall patterns between graphs, indi-
cating each node has formed a short list of “preferred partner,” essentially forming an implicit span-
ning graph. Edges shown have the heaviest (top 25%) activity levels.

does not weigh much, as much as the perceived track record
of a node.

3. The Activity Based Walker algorithm

When a node, say Ny, tries to search a file Fr in the set
of nodes U, Ny initiates a query message. The query mes-
sage is passed among nodes. When a node which owns Fr,
say node N, receives the query, it informs N by initiat-
ing a “success” message. In the above scenario, Ny, Frr, Np
are called the initiator of the query, the target file, and a rar-
get node, respectively.

Each node NN, maintains a set of files (names or refer-
ences) in data structure F'I LES;. When a node N; receives
a query from a node Nj;, Nj is called the sender of N;.
Upon a receipt of the query, N; checks whether it has the
target file by referring to F'ILES; or whether it knows a
node which owns the target file (the later case is discussed
below). If so, it initiates a “success” message; otherwise, it
forwards the query to a set of nodes that IV; knows. Our pro-
tocol has salient features in how to determine a set of nodes
to forward a query to.

To determine a set of nodes to send a query to, each node
N, maintains, in data structure N BRS, a list of neighbors,
that is, the nodes that N; knows. N BR.S; is a finite list of
tuples [node Ny (its address such as IP), its activity level
(denoted ALy, discussed later), and F1LESy], ordered by
the activity levels. Since N BRS; is finite, when a new tu-
ple is added, a existing tuple with the lowest activity level
may have to be dropped from the list.

The activity level AL; of node N; in NBRS; is a
value calculated based on the success ratio in the previous
searches; that is, the ratio at which N; was on the paths
to the target nodes in the previous searches, regardless of
the target files. AL; in NBRS; is increased by some pre-
defined value, denoted AL;nc1, if the query sent to NN
leads to a target node. In addition, if Ny is a target node

of the search, ALy, of Ny’s tuple in N BRS; is increased by
some predefined value ALjnco2; or if Ni’s tuple is not in
NBRS;, a new tuple [Ny, AL;nr, FILES] is added
to NBRS;, where AL;nr is a predefined initial activ-
ity level. All activity levels of N BRS; are between 0 and
1, normalized with respect to the highest activity level in
NBRS;.

When initiating a new query or upon a receipt of a query,
the number of nodes to which node N; forwards a query
at once dynamically changes by the following three factors.
(1) a predefined value k-threshold, which is the lower bound
on the activity levels of nodes to which the query is for-
warded, (2) a predefined value k-min, which is the lower
bound on the number of nodes to forward the query to, and
(3) the number of nodes in N BR.S; that the query has not
yet visited. Since each query contains a list of nodes that it
has already visited, it is easily known whether the query has
already visited a given node. However, this does not mean
that a node is not visited more than once in one search.
A query branches out to k; queries at each node, result-
ing many different search paths. However, a list of visited
nodes is only maintained in each message; therefore, the list
in a query message may not contain a node which is visited
by a query message on a different search path.

When initiating a new query or upon a receipt of a query,
node N; sends the query concurrently to all nodes N; such
that (1) AL; > k-threshold or (2) N;’s tuple is in the top k-
min among the nodes in N BRS; that the query has not yet
visited. We refer to this the search-node-determination al-
gorithm, and the number of query messages to send deter-
mined this way is called the k, value.

3.1. Success and failure of a search

The F'ILES; field of each node NV; in N BRS; works as
“one-hop replica”, that is used to accelerate the search pro-
cess. When a node NN; initiates a new query or receives a



query for a target file Frr, it tries to locate Frr not only its
own FILES;, but also FILES; in all tuples in NBRS;,
before forwarding the query to its neighbor nodes.

A node N; claims a search for a target file Frr to be “suc-
cess” if it locates F'r in F'ILFE; or in its one-hop replica. If
N; is not the initiator of the query, N; initiates a “success”
message and sends it to its sender ;. The “success” mes-
sage contains IV; (the target node) and FILES;. N; then
forwards the “success” message to its sender. This process
continues until the “success” message reaches the initiator
of the query. All nodes on the path, say N;, update N;’s tu-
ple in NBRS; in the manner discussed above.

A node N; claims a search for a target file F7p to be “fail”
if (1) it cannot locate Frr in FILE; or its one-hop replica,
and (2) all nodes in N BRS; to which IN; could forward the
query have claimed the search to be “fail.” Then, N; initi-
ates a “fail” message and sends it back to the sender NV;.
If N; has received “fail” from all nodes that it had sent the
query to, it determines a new set of nodes in N B RS by ap-
plying the above search-node-determination algorithm and
sends them the query. This process repeats until either N,
receives “success” or there is no more node in N BRS; to
try (in such a case, it claims the search “fail”).

If a query visits a node which has already been visited
by a query on a different search path, the node immediately
returns “fail” to its sender.

In order to efficiently terminates a search process, we ap-
ply a technique called checkback [2] A query message con-
tains an integer field called LiveCount. When the query vis-
its a new node N;, N; decrements LiveCount by one. When
the count becomes zero, /N; communicates with the ini-
tiator by sending a “checkback” message. Upon a receipt
of a “checkback” message, the initiator decides whether
it should continue or terminate the search and informs N;
accordingly. If the search is terminated, IV; just stops the
search process; otherwise, IV, resets the LiveCount to a pre-
defined value, denoted LCn 7, and continues the search.

3.2. Node join

When a new node N; joins, it must know at least one
node in the system. Let N; be such a node. N; first sends
a “join” message with its FILES; to N;. N; then replies
N; with a “join ok” message with NBRS; and FILES);.
Nj adds atuple [N;, ALpgr, FILES,;1in NBRS;, where
ALpEgr is a predefined default initial activity level. N; adds
atuple [N;, ALpgr, FILES;] in NBRS; and uses it as
its own neighbor list N BRS;.

3.3. Protocol description

The query message consists of the following Fields: (1)
N (initiator), (2) Fr (target file), (3) PATH (a list of all

nodes that the query has visited), and (4) LiveCount.

The initiator N executes the following algorithm when

searching target file F'r:

var

search: list of tuples;
outstanding, found: set of nodes;

if (Fr € FILESy) return {N};
if (Fr € FILES) such that tuple

[N;, %, FILES;] € NBRSr) return {N, };

search = NBRS; found = 0
while search # () do {

outstanding = set of nodes selected by
search-node-determination algorithm;
search -= outstanding;
send query { Ny, Fr, PATH = {N;}, LiveCount = LCiniT}
to each node in outstanding;
while outstanding # 0 do {
receive a reply from a node N;;
outstanding -= { N, };
if the reply from N; is “success” {
add AL[NCl to AL]' in NBRS[;
if target node Nt isin NBRSt
add AL;nc2to ALt in NBRS;
else
add [N7, AL;niT, FILEST]to NBRS]
Normalize the activity levels in N BRS
found U = {Nr}

}

return found;

When a node N; receives a query { N, Fr, PATH, LiveCount}

from Ng, it executes the following:

var

search: list of tuples;
outstanding, found: set of nodes;
isSuccess : boolean ;

if (- -LiveCount == 0) {

send “checkback” to Nr; wait for a reply from Nr;

if (N1 requests the search to be continued)
LiveCount = LCr N1}

else terminate the search

if (Fr € FILES;) send Ns “success” with {N;, FILES; };
if (Fr € FILES; such that [N;, *, FILES;] € NBRS;)

send Ng “success” with {N;, FILES; };

search= NBRS; — PAT H; isSuccess = false
while search # 0 do {

outstanding = set of nodes selected by
search-node-determination algorithm;
search -= outstanding;
send query {N;, Fr, PATH+ = {N;}, LiveCount}
to each node in outstanding;
while outstanding # () do {
receive a reply from a node Nj;



outstanding -= { N, };
if the reply from N; is “success” {
add AL[NCl to AL]' in NBRSZ,
if target node Nt isin NBRS;
add AL;nyco to AL in NBRS;
else
add tuple [NT, AL[N[T, FILEST] in NBRSZ
Normalize the activity levels in N BR.S;
isSuccess = true;
forward “success” to Ng;

}
}
}

if (— isSuccess) send “fail” to Ng;

ABS succeeds by actively grading the nodes in the
NBRS lists. This grading, called the activity level, is
based on previous performance of the node and helps de-
termine the level of flooding; that is, the number of nodes
to which a query is forwarded depends on the activity
level of a node. The parameter k-threshold is used to con-
trol trade-of between the amount of flooding vs. number of
hops required to complete a query. The higher the value
of k-threshold, lower is the kg4 value, and thus less num-
ber of messages. This serves to minimize free-riders,
and helps create a spanning graph of search paths effi-
ciently (Figure 1), and results in efficient communication
in finding the target nodes.

4. Experimental results

We compare the performance of our algorithm with
two types of random-walker algorithms: k-RWALK and 1-
RWALK, using a well-known discrete event simulator for
networks, Network Simulator 2 (NS2) [16]. The difference
between k-RWALK and 1-RWALK is that in k-RWALK, the
initiator as well as all intermediate nodes send a query con-
currently to k randomly selected nodes in their N BRS lists,
whereas in 1-RWALK, only the initiator sends a query to k
randomly selected nodes and other nodes forward the query
only to one randomly-selected node in their N BR.S lists.

Adaptive Probabilistic Search (APS)[5] is similar to 1-
RWALK. However, in APS, each node maintains a success
ratio of previous searches for each object and uses the suc-
cess ratio to select nodes. In our simulation, since the ob-
jects are distributed randomly and the number of the objects
is much larger than the number of queries, we expect that
few queries will search for the same objects, and therefore,
we believe that APS will behave similarly to 1-RWALK.

We measure the performance in two primary metrics: the
number of messages generated, and the number of hops per
query. The number of messages is the total number of all
messages generated by the involved nodes until the target
node is found. The number of hops for a query is the num-
ber of nodes on the path from the query initiator to the target

node. By assuming that forwarding a query to other nodes
takes roughly the same amount of time, the number of hops
for a query is a good indication of the amount of time that
the query took to complete.

We tested our algorithm with 1000 nodes with 1600
queries. In both k-RWALK and 1-RWALK, the k value is
static and set to 3. This is simply because with a k value
larger than 3, k-RWALK requires too many messages to
complete the simulation in reasonable time. In our ABS al-
gorithm, k-min is set to 3, k-threshold varies from 0.4 t0 0.8,
and the & value (denoted the k4 value) is dynamically deter-
mined based on the k-min and k-threshold values. ABS-
0.4, ABS-0.6 and ABS-0.8 are used to denote the ABS al-
gorithm with k-threshold values 0.4, 0.6, and 0.8, respec-
tively.

In all three algorithms, each node N; maintains N BRS;,
a set of nodes that N; knows. In k-RWALK and 1-RWALK,
NBRS; is a list of nodes, and as each node N; encoun-
ters new nodes, the nodes are added to NBRS;. In ABS,
N BRS; is alist of tuples, and only the tuple of a target node
is added in the NBR.S lists of the nodes on the path from
the initiator to the target nodes. Thus, ABS’s NBRS lists
do not grow as fast as those of k-RWALK or 1-RWALK.
In the simulation, the size of the NBR.S lists is not lim-
ited.

Nodes were created and linked randomly. For each link,
its bandwidth, delay, and the queue handling mechanism are
also randomly determined. Object placement on nodes is
also done randomly with each nodes being assigned 10 ob-
jects in average. Thus, each node may or may not have any
objects.

4.1. Performance Comparison

Figure 2(a) compares the number of messages required
to complete searches, and Figure 2(b) compares the num-
ber of hops from an initiator to a target node. Also note
that the average number of nodes that each node concur-
rently forwards a query to is not always k4 (in ABS), 3 (in
k-RWALK), or 1 (in 1-RWALK). This is because as a search
progresses, eventually some nodes will claim a search to be
“fail”; at this moment, the number of nodes that this node
forwards the query to is 0. We use k,. to denote the actual
number of nodes that a node forwards a query to. We use no-
tation #QU E'RY to denote the number of queries that have
been completed.

4.1.1. Comparison of k-RWALK and 1-RWALK First,
we compare the performance of k-RWALK and 1-RWALK.
We expect that if each node forwards more query messages
at once, the total number of messages would increase, how-
ever the hops required to complete a search would decrease.
In addition, if the number of search paths increases, the
probability of the same node being visited more than once
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Figure 2. ABS performance under NS2 for 1000 nodes.

will increase (as discussed in Section 3). This would result
in increase in the number of wasted messages. However,
it would contribute to shortening search paths that claim
“fail”. This is because when a node is visited by a query
for the second time and onward, the node immediately re-
turns “fail” to its sender.

When k-RWALK and 1-RWALK are compared, k-
RWALK requires significantly more messages but much
fewer hops than 1-RWALK. In fact, 1-RWALK con-
stantly requires an extremely small number of mes-
sages, however a large number of hops. In contrast,
even though k-RWALK requires a constantly low num-
ber of hops, its number of messages increases sharply.
The reason for this is because the size of NBR.S lists in-
creases as the execution progresses. Then, the number of
nodes that each node must explore before it claims “fail”
will increase. This will result in the sharp increase in the
number of required messages as NBRS lists expands, un-
til the lists become large enough so that a search would
terminate with “success” before all nodes in the lists are ex-
plored. Note that as #QUERY increases in k-RWALK
the number of messages increases sharply, but the num-
ber of hops does not change much.

Next, we analyze why this phenomenon is not clearly
observed in 1-RWALK. It is assumed that since the total
number of search paths is limited to k, the possibility of a
node being visited multiple times is low. This will make
each search path long; that is, each search path tends to
visit many nodes sequentially before it claims “success” or
“fail”. Thus, in 1-RWALK, it is assumed that initial N BRS
lists are already large and a search would terminate before
all nodes in N BR.S have been explored. Therefore, the fur-
ther increase in the N BRS lists would have little effect on

the number of messages.

In the performance of k-RWALK, the number of hops
is stabilized at around 8 after #QUERY reaches 75. The
number of messages sharply increases until it stabilizes at
around 320000 when #QUERY reaches around 700. At this
point, it is assumed that N BRS lists become so large that
virtually no node claims “fail” before a search terminates,
or that most NBRS lists cover all the nodes in the sys-
tem and cannot expand any further. In the performance of
1-RWALK, after #QUERY reaches somewhere around 10
and 20, both the number of hops and the number of mes-
sages are stabilized at around 170 (very large) and 3000
(very few), respectively.

4.1.2. Performance analysis of ABS Based on the above
observation, we now analyze the performance and behav-
ior of ABS. In both metrics, ABS demonstrates extremely
good performance.

First, we compare ABS with 1-RWALK. Even when the
average k, values of ABS is small (up to 1.5 when #QUERY
is 9), there is a significant difference in the number of hops:
about 30 (ABS) vs. 170. This is because in ABS, even when
the average k., value is small, &, would vary from O to a
value larger than 1, and as a result, there are many con-
current search paths. In 1-RWALK, individual k, values of
nodes other than the initializing node N are either O or 1,
and at most three search paths exist concurrently. The num-
ber of hops in ABS stabilizes at k,. value of around 8. The
number of messages in ABS gradually increases to 15000,
whereas 1-RWALK stabilizes at around 3000.

Next we compare ABS with k-RWALK. Up to #QUERY
being around 200, k-RWALK shows slightly better perfor-
mance than ABS in terms of the number of hops. After that,
ABS demonstrates even slightly fewer number of hops than



| 1 2 4 8 10 50 100 300 800 1600
ABS 072 089 129 145 154 242 424 2585 5098 8231
APS 053 0.63 074 085 087 097 098 1.00 1.00 1.00
RWALK | 0.82 1.22 1.8 237 246 289 294 298 299

Table 1. k-values as the nhumber of requests increases.

k-RWALK Importantly, however, ABS achieves such per-
formance with a significantly fewer (80% at 18 hops) mes-
sages than k-RWALK.

Among the ABSs, a smaller k-threshold value results
in a larger k4 value. As expected, ABSs with smaller k-
threshold values require more messages than those with
larger k-threefold values. However, no significant differ-
ence is found in the number of hops among ABSs with var-
ious k-threshold values.

5. Conclusions and future work

In this paper we have presented a scalable P2P search al-
gorithm using a method to dynamically determine the value
of kg4, the number of nodes to send a query to at once. The
decision is based on the degree to which each neighbor has
contributed to a successful search, called the activity level.
Each node sends a query to K; neighbors with the high-
est activity levels at once. A distinctive feature of the algo-
rithm is that, unlike APS, a node does not consider the se-
mantic preference when choosing the nodes to forward a
query to. A node simply considers the previous success ra-
tio, regardless of the objects being searched, to determine
k4 and the nodes to send a query to. Therefore, its scalabil-
ity is better than that of APS in terms of the storage size.

Our algorithm automatically creates a spanning graph
consisting of high traffic links. Once a stable spanning graph
is created, the number of hops required for a search is
roughly bound by the diameter of the spanning graph. The
simulation exhibits that our algorithm demonstrates signif-
icantly better performance than both k-random walk and
I-random walk. Our message-per-query is much less than
k-random walk, yet our number of hops to reach the tar-
get nodes is much less than 1-random walk and slightly less
than even k-RWALK.

Our algorithm has significant potential for further im-
provement. For example, as APS does, we could reflect the
success ratio of each object or of each category of objects in
evaluation of activity levels. Another possibility is to con-
sider the capacities of nodes and links as [15] does when
determining the activity levels.
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