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ABSTRACT 

The in-network query processing paradigm in sensor networks 
postulates that a query is routed among sensors and collects the 
answers from the sensors on its trajectory. It works for static and 
connected sensor networks. However, when the network consists 
of mobile sensors and is sparse, a different approach is necessary. 
In this paper we propose a query processing method that uses 
cooperative caching. It makes the data items satisfying a query 
flow to its originator. To cope with communication bandwidth and 
storage constraints, the method prioritizes the data-items in terms 
of their value, as reflected by supply and demand. Simulations 
based on real-life mobility traces identify the situations in which 
our approach outperforms a series of existing cooperative caching 
strategies and an existing mobile sensor network algorithm.   

Categories and Subject Descriptors 

H.2.8 [Database Applications]: Spatial databases and GIS 

General Terms 

Algorithms, performance, design. 

Keywords 

Query processing, in-network, mobile peer-to-peer, cooperative 
caching. 

1. INTRODUCTION 
Mobile ad hoc and Sensor networks are usually referred to as 
wireless ad hoc networks. The body of work on sensor databases 
(e.g. TinyDB [9]) addresses query processing in an environment 
of static peers, where the communication graph is connected. A 
particularly powerful query processing strategy is called “in 
network query processing” [23, 24, 6], where the query is 
processed collaboratively by the sensors themselves rather than by 
a central site [22]. Sometimes mobile sensors are considered by 
“in network” strategies (e.g. [19, 20]), but it does not make much 
of a difference, because an implicit assumption in such work is 
that a query is executed almost instantaneously, and the 
communication topology is again fixed and connected during 
execution.  Another observation is that each type of query has its 
own “in network” processing algorithm. For example, [19] deals 
with window-queries, whereas [20] deals with nearest-neighbor. 
 

Now observe that mobility can be used to dramatically reduce the 

required density of the sensor network. For example, consider 
mobile sensors mounted on public transportation vehicles (to 
monitor, e.g., air quality, pollution, and toxic gases) [21] or 
selected pedestrian cell phones. Such a network of mobile sensors 
can replace a much denser static network, and is mostly 
disconnected. Other examples of disconnected mobile sensor 
networks include Zebra-net [2] and the whale network SWIM [7] 

(In this paper sensor mobility is “unmanaged”, i.e., the query 
processing algorithm does not have control over the motion). In 

such sparse mobile sensor networks existing “in network” 

strategies will not work because they hop the query from a sensor 
to its neighbor, and if the neighbor does not exist, then accuracy 
suffers.  
Continuous queries, i.e. queries for which the answer needs to be 
refreshed continuously, represent a further complication. The 
reason is that “in network” is basically a query-to-data strategy, 
and continuous queries are more efficiently executed by routing 
the data to the query in the sink(s). 
 

The other type of wireless ad hoc network is a mobile ad hoc 
network (MANET’s) (see, e.g., [8] for MANET query processing 
research; [8] also assumes connectivity of the network). In 
general, research for both types of wireless ad hoc networks is 
concerned with resource constraints. The main difference is that in 
sensor networks the answer to a query is delivered to a sink, 
whereas in MANET’s the query originates at an arbitrary peer in 
the system, to which the answer is delivered.  
 

In this paper we propose a query-processing strategy for sensor 
and ad hoc networks that may be mobile and disconnected. The 
strategy is general-purpose in the sense that it works for any type 
of query (e.g. skyline, k-nearest-neighbor (KNN), window). 
Queries may originate from a single peer (the sink) or from 
multiple peers. The query-processing strategy is a hybrid between 
data-to-query and query-to-data, but it leans more towards data-
to-query, thus it is most appropriate for continuous queries. When 
the network is connected most of the time, and the queries are few 
and instantaneous, then other algorithms (as proposed in [19, 20]) 
may be more efficient. Figure 1.1 depicts in the shaded boxes the 
environments for which the proposed strategy is most appropriate. 
The more shaded boxes that represent the environment, the better 
the match of our proposed strategy. 
 
 
 
 
 
 
 
 

Figure  1.1.  Classification of different environments. 

MARKET algorithm is best suited for shaded environments. 
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The proposed strategy, called MARKET, adopts a store-and-
forward paradigm which exploits mobility to cope with 
disconnections. Specifically, on each mobile peer there is a local 
database that stores and manages a collection of data items, or 
reports. A report is a set of attribute-values sensed (e.g., with an 
RFID reader, a camera, etc.) or received by a peer at a particular 
time. For example, for the KNN query processing, a report gives 
the location (sensed by a GPS receiver) of a mobile peer at a 
particular time. All the local databases maintained by the mobile 
peers form the mobile P2P database. A peer answers its query 
from its local database. For query processing, the peers 
communicate reports and queries to neighbors directly, and the 
reports and queries propagate by transitive multi-hop 
transmissions. The intermediate peers (also called brokers) need 
to save reports and later, as new neighbors are discovered, transfer 
these reports. Thus each mobile peer in the network is a broker, 
and additionally it may be a consumer or a producer of reports, or 
both. In terms of functionality, we envision peers as equals (i.e., 
no “super-peers”). Since MARKET does not need to build and 
maintain any routing structure, it withstands highly dynamic 
topologies. 
 

The problem with store-and-forward algorithms is that the reports 
that need to be stored and forwarded by a peer may exceed its 
storage, bandwidth capacities. In this paper we propose to address 
this problem by ranking of reports, so that the most relevant 
reports are transmitted and saved to the local database. The 
fundamental components for the rank-based store-and-forward are 
the following: 

1. Supply, i.e., how many peers already have a report. The 
higher the supply of the report, the lower its relevance. We 
propose a machine learning algorithm called MALENA for 
the estimation of supply. 

2. Demand, i.e., how many peers are querying the report. The 
higher the demand of a report, the higher its relevance.  

 

In this paper we integrate the above components into the 
MARKET algorithm that ranks reports based on supply and 
demand, and at each interaction communicates the “right” amount 
of information. Then we compare the performance of MARKET 
with those of three existing cooperative caching algorithms, 
including RANDI ([11]), LRU and LFU. Intuitively, the 
performance measure is the average throughput (i.e. number of 
reports that satisfy a query) for a given response time, and for a 
given level of memory/bandwidth allocation. In other words, our 
metric takes into consideration throughput, response-time, and 
memory/bandwidth constraints. 

We demonstrate the MARKET algorithm in the context of 
specific queries and reports. The queries are K-nearest-neighbor 
queries, and the reports are the current locations of mobile 
sensors. Thus, the MARKET algorithm is specialized to process 
this specific spatial query. Similarly, it can be specialized for in-
network processing of other types of queries, e.g. spatial window 
queries. We compare the MARKET continuous-KNN 
performance with that of the in-network KNN algorithm given in 
[20] (called DIKNN). The results show that MARKET is up to 50 
times more accurate than DIKNN. However, DIKNN is designed 
for instantaneous processing. To the best of our knowledge, 
another algorithm for in-network processing of continuous KNN 
queries does not exist, thus MARKET provides the first such 
algorithm. 
 

In summary, the contributions of this paper are: 1. the 
MARKET algorithm which ranks data-items by supply and 
demand, and its performance analysis; 2. the estimation of the 
supply of a report. 3. Using MARKET to produce and evaluate the 
first in-network algorithm for processing continuous KNN 
queries; furthermore, similarly MARKET can be used to produce 
algorithms for in-network processing of other continuous spatial 
queries such as window (i.e. range), but due to space limitations 
an evaluation is omitted here. 

The rest of the paper is organized as follows. Section 2 introduces 
the model. Section 3 describes the MARKET algorithm. Section 4 
compares MARKET with three existing cooperative caching 
algorithms, as well as with an ideal client/server approach. 
Section 5 compares MARKET with an existing KNN algorithm. 
Section 6 discusses relevant work, and section 7 concludes the 
paper. 

2. MODEL 
A mobile P2P system is a set of point (i.e. without an extent) 
mobile peers M={M1, M2,…, Mm} capable of short range wireless 
communication.  The capability is associated with a transmission 

range r, which is the maximum physical distance between 
communicating peers. Peers that are within transmission-range are 
called neighbors.  
 

Occasionally, a mobile peer Mi produces a report R having some 
unique report-id, and a size s(R). Reports are transmitted between 
neighbors. Each exchange of reports occurs within a single hop, 
and although there is no explicit multi-hop routing of reports, a 
report can propagate by multi-hop transmissions.  

Each peer Mi has a (local) reports database RDBi, which stores 
the reports that Mi has produced or has received from neighbors 
(i.e., by P2P communication). The size limit of RDBi is Si bytes. 
When a report is produced or received by Mi, if space is sufficient, 
the report is stored in RDBi. Otherwise, i.e. if space is insufficient, 
either the new report is not stored, or some reports are deleted 
from the database to accommodate the new report; the action 
taken depends on the storage management algorithm. We denote 

the global reports database RDB, i.e., ∪i=1,2,…,mRDBi=RDB. Thus, 
each RDBi is a subset of the reports in RDB. At any point in time, 
the content of different RDBi’s may overlap, i.e., it is possible that 

RDBi ∩ RDBj ≠ 0 for i≠j. 
 

At any point in time t, each peer Mi may have a query Q that 
represents the current interest of the peer. The query is continuous. 
For simplicity we ignore the case where multiple queries are 
asked, but this case can be easily handled. The query of Mi is 
called the query internal to Mi, and Mi is called its originator. A 
query which is not internal is external. Mi’s query is trivial if it is 
‘true’, i.e. Mi requests all the reports in the RDB.  
 

We assume that the degree of satisfaction between a report R and 
a query Q, denoted Q(R), is a value between 0 and 1. For 
example, if Q and R are two images, then Q(R) is the similarity 
between the two images. If Q(R)>0 we say that R satisfies Q. 
Given a report R and a peer Mi, if R satisfies Mi’s internal query, 
then Mi is a consumer of R;  if Mi produced the report then it is the 
producer of R. In any case, any peer is a broker of R in the sense 
that it can receive R from other peers and/or send it to other peers. 
Thus, Mi can be a producer, a consumer, and a broker of a report 
at the same time.  

In addition to reports, each Mi also receives neighbors’ queries. It 



accumulates these external queries in a queries (or demand) 
database QDBi of Ni bytes. The demand database is FIFO 
maintained. 

In terms of the communication model, we assume that at any point 
in time every peer knows its neighbors (i.e., the peers within its 
transmission range) by using a neighbor-discovery protocol. An 
encounter is the event in which a mobile peer Mi first detects a 
new neighbor. As long as the neighbor stays within transmission 
range Mi will not encounter it again, but it may do so after the 
neighbor disconnects. 

3. MARKET QUERY PROCESSING 
This section is organized as follows. §3.1 presents the overview of 
MARKET query processing. §3.2 discusses reports ranking. §3.3 
describes the MARKET algorithm. 
 

3.1 Overview of MARKET Query Processing 
The objective of the MARKET algorithm is to maximize the total 
degree of satisfaction obtained by each consumer from received 
reports, and minimize the response time of these reports. This is 
done under the bandwidth and storage constraints in the system. 
Intuitively, the MARKET algorithm is an integration of multiple 
mechanisms that enable each mobile peer to do achieve this 
objective. These mechanisms include: 
 

1. When to interact. The query processing executed by 
MARKET consists of a sequence of send-and-receive interactions 
(see Figure 3.1). There are two types of interactions. The first type 
is query-response (QR), which is triggered when a mobile peer 
encounters another mobile peer. The second type is Relay, which 
is triggered when transmission has not occurred for a pre-
specified amount of time, and the mobile peer has new reports to 
disseminate. This dual-type mechanism makes MARKET 
automatically adapt to different mobility environments.  

In a highly dynamic2 and/or partitionable environment, MARKET 
disseminates reports mainly via the encounters (QR interactions); 
in a static environment (where there are rare encounters), 
MARKET disseminates reports mainly via proactive transmission 
of newly produced reports (relay interactions).  
 

2. How to interact. A QR interaction has two phases. In the first 
phase, the encountering mobile peers exchange their queries and 
receive answers. In the second phase, they transmit reports that 
enhance the other peer’s capability as a broker, i.e. reports that are 
in high demand but do not satisfy the received query.  The reports 
are transmitted by broadcast so that the other neighboring peers 
may overhear the transmission, and thus their broker capability 
will also be enhanced.  This reduces the communication cost when 
peer density increases. Thus, the QR interaction is a combination 
of one-to-one and broadcast communication, and the MARKET 
algorithm is a combination of report push and pull, in sense that 
the first phase of QR is pull, and "broker enhancement" and relay 
are push. The relay interaction of MARKET advertises the set of 
reports that were never transmitted, and if some of them satisfies 
the query of a neighbor, then the set is broadcast. Details of the 
QR and relay interactions are provided in §3.3. 
 

3. What to transmit during an interaction. Observe that since 

                                                                 
2 Observe that there can be two reasons for an environment to be dynamic. 

One is high mobility. Another is high turn-over, namely the mobile 
peers frequently enter and exit the system. 

bandwidth is limited, not all the reports that satisfy the query or 
enhance the broker capability can always be transmitted. The 
number of reports that can be transmitted is determined by the 
underlying communication layer. Thus, ranking is used to 
determine which reports to transmit. The rank is also used by the 
receiving peer to accommodate the most popular reports in the 
limited space of the reports database. Intuitively, the rank of a 
report depends on its size, demand (how many peers are querying 
it), and supply (how many peers already have it). For the 
estimation of demand, each mobile peer uses its demand database 
as a sample of the global demand. For the estimation of supply, 
we use the MALENA algorithm described in §3.2.4.  
 

4. What to save. Given the limited space of the reports database, 
a mobile peer saves the reports that have the highest ranks. In 
other words, we assume that the answers received by the mobile 
peer are presented to the user, and possibly moved to the 
application area. Thus the reports saved in the reports database are 
solely for the purpose of brokering. 
 

 

Figure 3.1. Flow chart of the MARKET algorithm at a peer 

3.2 Reports Ranking by Supply and Demand 
In §3.2.1 and §3.2.2 we define supply and demand, and discuss 
our proposed ranking method under the assumption that supply 
and demand are given. In the rest of §3.2 we discuss the 
estimation of supply and demand. In §3.2.3 we determine the 
minimum number of queries in the demand database (see §2) that 
is necessary to accurately estimate the demand. In §3.2.4 we 
discuss how to estimate the overall supply locally at a peer. 

3.2.1 The Ranking Method 
The rank of a report R at a peer M depends on the following three 
factors. 
 

1. The demand of R at time t, denoted demand(R,t), is the average 
degree  to which R satisfies the query of a mobile peer in the 
system at time t. In other words, 

m
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where m is the number of peers in the system. (Remember that 
Q(R) is the degree of satisfaction between a query Q and R, see 
§2). The demand-database is used as a sample for the estimation 
of this demand. Formally, let O1,O2,…,On be the queries in QDB 
(the demand database of M) at time t. demand(R,t) is estimated by 

demand(R,t,M), defined as follows.  
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In §3.2.3 we establish the minimum size of this database such that 
Eq. 3.1 accurately estimates demand(R,t). 
  

2. The supply of R at time t, denoted supply(R,t), is the probability 
that an arbitrary peer has received R before time t. This number is 
a global parameter that is normally unknown by each individual 
peer, but it can be evaluated by the peer based on metadata about 
R such as the number of times M received R. The computation of 
the supply is described in §3.2.4.  
 

3. The size of R, denoted size(R). The smaller size(R), the higher 
the rank of R; so to disseminate as many reports as possible. The 
rank of R at time t is  
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The justification to the above ranking formula is given next. 

3.2.2 Ranking as an Approximation Method 
In this subsection we justify the rank formula (Eq. 3.2) by 
showing that it approximates an optimal solution to the NP-
complete reports-selection problem. 
  

Let U be a set of reports stored at a mobile peer M.  When 
selecting a subset of reports (to save or transmit) out of U, it is 
desirable that the selection adds as much throughput as possible to 
an arbitrary peer encountered in the future. Now we argue that 

demand(R,t)⋅(1-supply(R,t)) gives the degree of satisfaction that R 
adds to an arbitrary peer O.  
 

Proposition 1. Let O be an arbitrary peer. If R is received by O at 

time t, the degree of satisfaction that R adds to O is a random 

variable with expected value demand(R,t)⋅(1-supply(R,t)). 
 

Proof: demand(R,t) is the degree to which R satisfies the query of 
O. If R has been received previously by O, then the degree of 
satisfaction added to O is 0. The probability of R having been 
received previously is supply(R,t). The probability that R has 

not been received by O by time t is (1−supply(R,t)). Thus the 
expected degree of satisfaction that R adds to O is 

demand(R,t)⋅(1-supply(R,t)).   
 

Let us refer to )),(1(),( tRsupplytRdemand −⋅  as the utility of R.  

The reports selection (RS) problem is to construct a subset U’ of 
U, such that the sum of the utility values of the reports in U’ is 
maximized, subject to the constraint that the sum of the sizes of 
the reports in U’ does not exceed T. Intuitively, U’ is expected to 
add a higher amount of satisfaction to an arbitrary peer than any 
other subset of U that does not exceed the size limit T. The 
Knapsack problem is straightforwardly transformed to the RS 
problem and thus the RS problem is NP-complete. 
 

We use a well-known knapsack problem heuristic as [16] does: 
Sort the reports in the descending order of the ratio of utility to 
size (which is exactly the ranking function defined in Eq. 3.2). 
Then select the reports with the highest ranks, one by one, until no 
more can fit into the size limit T. We refer to this algorithm as 
Greedy RS (or GRS). The time complexity of GRS is dominated 
by sorting U and is O(nlgn); n is the cardinality of U.  

Finally let us explain what Eq. 3.2 means for a newly produced 
report R. For such a report, MALENA assumes that its supply is 

zero. Thus its rank is demand(R,t)/size(R).  
 

3.2.3  Number of queries in the demand database 
If we treat the demand database of a peer M (i.e., QDB) as an 
arbitrary sample of the queries in the system, by [17], it can be 
shown that the deviation of Eq. 3.1 from demand(R,t) is bounded 

as follows. For an arbitrary positive real number ∆, 
 

2221}|),(),,(Pr{| ∆−
−>∆≤−

netRdemandMtRdemand    (3.3) 

 

The equation says that the probability that [the difference between 

the demand(R,t,M) and demand(R,t) is smaller than ∆] is greater 

than 
2221 ∆−

−
ne . The right-hand side of Eq. 3.3 is the confidence 

level. By setting it to the desired value, and setting ∆ to the 
desired confidence interval width, we can solve for n. For 
example, if the desired confidence level is 95% and the 

confidence interval width is ∆=0.08, then n should be set to 108. 
In this case the difference between demand(R,t,M) and 
demand(R,t) is smaller than 0.08 with probability 0.95. Suppose 
that the average query size is 100 bytes. Then the size of QDB 

should be set to 108×100≈10K bytes. 
 

3.2.4  Computing Supply by Machine Learning 
In this subsection we outline an algorithm, called MALENA, for 
the computation of supply(R). Due to space limitations we only 
give the main ideas of the algorithm.  
 

To introduce the MALENA algorithm, observe that the supply of 
R depends on attributes of R (e.g. its age), as well as global system 
parameters such as the turnover rate (i.e. the rate at which peers 
enter and exit the system). The attributes of R that can affect its 
supply are called supply indicators. It can be shown that, 
unfortunately, no single indicator is a good predictor of novelty in 
all environments. For example, in some environments the intuition 
that the age of the report is a good predictor of supply is correct 
whereas in some other environments (e.g. when the turnover is 
very high) it is not.    
 

MALENA combines various novelty indicators in order to 
estimate the supply. The combination uses machine learning to 
infer from previously received reports what the indicators of a 
new report “look like”. In other words, it learns the supply based 
on the supply indicators of reports that it receives. The set of 
novelty indicators of a report R, called the supply indicator vector 
(SIV) of R, is maintained by each mobile peer Mi that stores R. 
During an encounter, Mi determines whether R is new or old to the 
encountered peer, and the respective SIV becomes a training 
example. In other words, Mi treats the encountered peer as an 
arbitrary mobile peer. In this fashion, a mobile peer progressively 
collects a examples set which improves its learning system. When 
the peer ranks reports, the learning system is used to calculate the 
supply. Furthermore, using a sliding window of examples 
MALENA adapts to new environments.  
 

The MARKET algorithm at a peer A uses MALENA with the SIV 
consisting of two indicators for a report R: 1) the age of R, and 2) 
the number of times the report has been encountered at a 
neighbour of A, denoted fin. The supply of R increases as these 
indicators increase, thus the rank of R decreases. The machine-
learning method used is Bayesian. Now we describe MALENA in 
detail. 
 

Description of MALENA 
As part of the MARKET-algorithm (see §3.3), before a mobile 



peer O starts a reports transmission, it advertises the id’s of the 
reports in O’s reports database. A neighbor peer B replies with a 
subset of the advertised id’s that includes the id’s of the reports 
that are new to B. The MALENA algorithm is invoked by O when 
it receives this reply from B. The main process of MALENA is to 
create examples and to train the machine learning system. The 
pseudo-code of MALENA is given in Figure 3.2. 

Algorithm: MALENA executed at O. 

Input:  IDS_ADV the set of id’s advertised by O; 
IDS_REQ the subset of id’s that are new (i.e. 
previously unknown) to the peer B. 

Process:  
For each report R referred to by IDS_ADV and its SIV X, 
1. Create an example (X, label) where label is “new” if R’s id 

appears in IDS_REQ, and “old” otherwise. 
2. Invoke INSERT_EXAMPLE((X, label)) to add the example (X, 

label) to the examples set. 
3. If R’s id does not appear in IDS_REQ, update X by increasing 

its fin value by 1.  
Note: INSERT_EXAMPLE is where the machine learning system 
is actually trained. After the INSERT_EXAMPLE is finished, (X, 
label) is discarded. The INSERT_EXAMPLE procedure uses 
Bayesian learning. 

 

Figure 3.2. Pseudo-code of MALENA algorithm executed at 

peer O (invoked in step 4 of QR explained in Figure 3.3)  
 

Let us explain step 3 of the MALENA algorithm. If R’s id does 
not appear in IDS_REQ, then peer B must have already known R 

before it encounters O. Thus R’s fin value is increased to reflect 
this fact. Using Bayesian learning, the time complexity of the 
INSERT_EXAMPLE procedure is a constant. Thus the 
complexity of the MALENA algorithm is dominated by search in 
steps 1 and 3, and is linear in the cardinality of IDS_REQ set. 

Now we elaborate on the old/new labeling of the examples. 
Observe that a report may be received, then purged from the 
reports database, then received again. It would be false to label the 
report ‘new’ in the second receipt. But this is exactly what Mi 
would do if the label is determined by simply considering the 
reports database. Thus, Mi keeps a tracking set, in which each 
entry is the report-id of a report that has ever been received by Mi.  
An entry in the tracking set survives even when the corresponding 
report is purged from the reports database. And when a report is 
received, its report-id is searched in the tracking set for labeling, 
and thus “false” labeling is avoided. Furthermore, the tracking set 
enables Mi to request from the encountered peer only the reports 
that Mi has never received, and thus avoid receiving old reports 
(pertaining to Mi).  
 

Observe that the size of each entry in the tracking set is only a few 
bytes, thus the tracking set can contain many more entries than the 
reports database. Moreover, we have found that the cardinality of 

the tracking set can be bounded to m⋅G without significant 
performance degradation, where m is the number of peers in the 
system and G is the average number of members in the reports 
database of a mobile peer. 

 

Procedure: Query-response, executed at peer A when A encounters a peer B. 

Input:  QA and QB are the internal queries of A and B respectively 
IDSA is the set of the id’s of the reports in RDBA  
IDSB is the set of the id’s of the reports in RDBB 
TSA and TSB are the tracking sets maintained by A and B respectively 
K is the maximum number of bytes that can be transmitted for the interaction 

Process:  
1. Send QA and IDSA to B by unicast.    

 

2. Receive QB, IDSA−TSB, IDSB−IDSA from B // By this step A knows what B wants (QB), what B does not know (IDSA−TSB), and what B 

has to offer (IDSB−IDSA). 
3. Put QB in the demand database QDBA. // QDBA is FIFO-maintained. 

4. Invoke MALENA to create examples and 
train the machine learning system. 

// The reports referred to by IDSA−TSB are new to B, and those referred to by IDSA∩TSB (i.e., 

IDSA−(IDSA−TSB) are old to B. 
5. Fill up a message of K bytes in the following order: // By this step A informs B what A wants (QA) and what A has to offer (IDSA). 

a) IDSB−TSA // This is the set of the id’s of the reports in B’s reports database that are new to A.  

b) The reports in RDBA that satisfy QB and their id’s are in IDSA−TSB (these are the answers to QB that are unknown to B). If all the reports in this 
category do not fit in the message, they are selected in descending order of QB(R)/size(R). (GRS) 

c) Other reports in RDBA whose ids are contained in IDSA−TSB (these are the broker-enhancement reports). If all the reports in this category do not 
fit in the message, then the GRS algorithm described in §3.2.2 is executed to select the reports to include in the message 

6. Broadcasts the K-bytes message. 

7. Symmetrically, A receives reports from B and puts them in RDBA. If the size of RDBA is bigger than SA (Recall that SA is the size limit of RDBA), 
then the GRS algorithm is executed to select the reports for saving. 

 

Figure 3.3. Detail steps of Query-response interaction executed at peer A when A encounters a peer B 

 
 

Let us end this subsection by explaining why the demand and 
the supply are estimated in different ways. The demand of a 
report is the fraction of peers requesting the report. The demand 
does not change as a result of the P2P data dissemination. 
However, the supply of a report is the fraction of peers having 

received the report. Since the report is being disseminated by 
peers, the supply increases over time. Furthermore, for ranking, 
the peer needs to estimate the current supply. In other words, 
due to the fact that the demand of a report is fixed but the supply 
changes as a result of P2P data dissemination, supply and 
demand are treated differently. 



 

3.3 Description of the MARKET Algorithm 
The intuitive description of MARKET is given in §3.1. The 
MARKET algorithm consists of two interactions, QR and Relay. 
The QR interaction is initiated by a mobile peer A when A 
encounters a neighbor B. Recall that encounter is defined to be 
the event in which A detects B as a new neighbor. Thus no QR 
interaction is triggered for existing neighbors (i.e., the mobile 
peers that stay within transmission range). The Relay interaction 
is initiated by A at a fixed time interval after the latest 
interaction3 (Relay or QR). In the next 2 subsections we describe 
the QR and the Relay interactions, respectively.  
 

3.3.1 Query-response interaction executed at peer 

A when it encounters a peer B 
The overview of QR is given in §3.1 “How to interact”. The 
detail steps of QR interaction along with comments are 
presented in Figure 3.3. Figure 3.2 gives the detailed explanation 
of MALENA algorithm invoked in step 4 of QR process (Figure 
3.3). Moreover, QR interaction is schematically described in 
Figure 3.4. 
 

If the QR interaction does not complete before B moves out of 
the transmission range of A, then the interaction is simply 
stopped. No rollback is needed. If A encounters another peer C 
during its QR interaction with B, the QR interaction with C will 
be delayed until the QR interaction with B finishes.  
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Figure 3.4. Communication in the QR interaction 

 
 

3.3.2 Relay interaction 
Basically, the Relay interaction broadcasts to the neighbors the 
id’s of the reports that have not been transmitted previously, and 
if some satisfy the query of a neighbor, then   this set of reports 
is broadcast to the neighbors. Relay is obtained by taking the 
SPIN protocol ([5]) and extending it with ranking. Details are 
omitted due to space limitations. 

4. Experiments and Results 
This section is organized as follows. In §4.1 we briefly describe 
the compared algorithms. In §4.2 we present the simulation 
environment and the performance measure. In §4.3 we present 
the simulation results.  
 

4.1 The Compared Algorithms 
We compare the performance of the MARKET algorithm with 
three other Mobile P2P caching schemes known as RANDI [11], 
LRU and LFU.  All the compared algorithms adopt an identical 
sequence of send-and-receive interactions introduced by 
MARKET (i.e., QR and Relay interactions). However, they 
implement different ranking schemes. As mentioned previously, 

                                                                 
3 In the experiments we take the time-interval to be 5 seconds; then, if no 

broadcast is executed within the last 5 seconds relay is initiated. 

MARKET employs a ranking scheme to determine which 
reports to transmit during QR and Relay interactions. The rank is 
also used by the receiving peer to accommodate the most 
popular reports in the limited space of the report database. 
Hence, the compared algorithms differ from MARKET by 
incorporating different ranking paradigms while transmitting or 
accommodating the reports. Brief descriptions of the compared 
algorithms are as follows: 

RANDI: RANDI ranks the reports solely based on their 
corresponding demand values. In other words, the difference 
between MARKET and RANDI is that MARKET ranks reports 
based on supply and demand, whereas RANDI ignores the 
supply. 

LRU (least recently used): In LRU, the reports that satisfy the 
latest external query have the highest rank while ties are 
resolved based on the size (smaller size higher rank). The 
reports that do not satisfy the latest query are checked to see if 
they satisfy the second latest external query: those which satisfy 
it are ranked by their sizes, and those which do not are checked 
against the third latest external query. This procedure continues 
until all reports are ranked based on queries in QDB (clearly in 
the order of their arrival times).   

LFU (least frequently used): LFU ranks the reports based on 
the query frequency. In other words, reports’ ranks in this 
scheme are proportional to the number of times that a report 
satisfies the arrived queries. Reports with the higher ranks are 
those which are accessed more frequently. Observe that for a 
newly produced report, LFU always ranks it very low because 
its query frequency is zero. MARKET and RANDI, on the other 
hand, are ready to estimate the demand of a newly produced 
report using the previously collected query samples. If LFU 
were to save the arrived queries as well, then it would become 
the RANDI algorithm.  
 

Finally, in order to put the performance of the algorithms in 
perspective, we define an ideal benchmark offline algorithm. In 
the ideal benchmark algorithm, when a report is produced, it is 
instantaneously disseminated to all the mobile peers currently in 
the system. 
 

4.2 Simulation Environment 

4.2.1 Mobility Pattern 
In order to simulate a sample real-world mobility pattern, we 
used a freely available archive of wireless network data 
recourses called CRAWDAD—Community Resource for 
Archiving Wireless Data At Dartmouth [12]. Amongst various 
wireless traces archived by CRAWDAD, we chose one of the 
latest datasets. It includes various real traces of Bluetooth 
sightings by 41 small devices (iMotes) carried by a conference 
attendees. Data in iMote dataset is time-based and not location-

based. In other words, there is no information about the 
locations of different nodes at different times during the 
experiment. However, iMote dataset provides the set of the 
neighbors of each node at each unit of time (second). 
Accordingly, by looking over the iMote data, one can identify 
the encountering events at each unit of time, and consequently, 
determine whether MARKET QR or Relay interactions should 
be triggered. In all the simulations we used the first 50 minute 
part of the iMotes data set.  
 

To our knowledge, all publicly available network-simulators 
assume a two-dimensional environment and associate an (x, y) 



coordinate to each node. Since such assumption is not 
compatible with the time-based format of the iMote dataset, we 
have implemented an iMote-based simulator from scratch. 
 

4.2.2 Generation of Reports and Queries 
For representing reports and queries, we adopted the Number 
Intervals (NI) subscription model introduced in [1]. Particularly, 
a report is represented by a point within the real interval [0, 1]. 
A query is represented by a range within [0, 1], e.g., [0.2, 0.7]. A 
report R matches a query Q if R’s number falls into Q’s range. 
Reports are produced by a Poisson process with intensity P. 
Each report’s value is randomly chosen from the [0, 1] interval. 
A number of arbitrary mobile peers become the producers of the 
report R. This simulates, for example, the scenario in which an 
event is monitored simultaneously by multiple mobile sensors. 

Each mobile peer dynamically produces internal queries 
following a Poisson process with a predetermined intensity. 
Once a new query is generated, the old one will be expired. Thus 
every mobile peer has a single query at each unit of time. The 
range of the query is generated by choosing a center and a 
length. The length of the range is selected randomly according 
to a normal distribution with mean µ and standard deviation σ. 
The query-center falls into the [0, 1] interval following a Zipf 
distribution. In particular, the [0, 1] interval is divided into 10 
disjoint sections ([0, 0.1), [0.1, 0.2),…). The probability that a 

query-center falls into the ith (1≤i≤10) section is 

(1/i)/∑i=1,2,…,10(1/i). In other words, the resources are uniformly 
distributed, and the queries are distributed based on Zipf’s law. 
 

Table 4.1 lists the simulation parameters and their respective 
assigned values.  

Table 4.1. Simulation parameters and their values 
 

Parameter Values 

Simulation time (secs) 3000 = 50 (min)  

Number of  peers 40  

Relay time-interval (secs) 60  

RDB max-size (KByte) 200  

Report size range (KByte)  [2, 20]  

QDB max-size (KByte) 1  

Query size (Byte) 100  

LFU sliding window size (secs) 1000 

Transmission size
4
 (KByte) [20, 200]  

Report production rate (reports/secs) 1/60 = .0166 

Query production rate (reports/secs) 1/300 = 0.0033 

Mean and Std. of query length (µ, σ) (0.05, 0.002) 

Number of producers for each report 3 

 

4.2.3 Performance Measure  
The performance of different caching schemes has been 
evaluated in terms of the average number of distinct matches 
received by a mobile peer with response-times smaller than a 
certain time limit w. The response-time of a report R received at 
a mobile peer O with query Q is defined as follows. The 
response time starts at the time at which either Q is generated by 

                                                                 
4 The transmission size (referred by K in the text) corresponds to the max 

amount of information which can be transmitted on each interaction. 

O or R is fed into the system, whichever is later (since both must 
be present), and ending when O receives R. This measure is 
called the response-time bounded throughput, or throughput, and 
w is called the response-time bound. By varying the value of w, 
we evaluate the throughput of an algorithm under different 
response-time constraints. 

4.3 Simulation Results 
In §4.3.1 we compare the performance of different caching 
schemes in terms of the response-time bounded throughput. In § 
4.3.2 and § 4.3.3 we analyze the impacts of the transmission size 
and peers’ memory size (RDB size), respectively. Due to the 
stochastic nature of reports and queries, all the experiments have 
been repeated 20 times, and then their achieved performances 
were averaged. Hence, all the results presented in upcoming 
sections are the averages of 20 independent runs. Note that the 
defaults values of the simulation parameters for all the 
experiments are set up in Table 4.1. Therefore, for investigating 
the impact of a single parameter (e.g., transmission size or RDB 
size), all other parameters retain their default values accordingly. 
 

Estimation of demand and supply impose an additional space 
overhead which should be considered in our simulation in order 
to have a fair comparison. MARKET requires an extra space to 
1) construct Conditional Probability Tables (CPTs) of the 
employed Bayesian machine learning algorithm, 2) 
accommodate queries in peers’ query databases, and 3) maintain 
tracking sets (TSs) of report ids. 
 

In order to consider MARKET’s space overhead, we subtract the 
average amount of required extra space from the available 
memory (RDB) of each mobile peer. Experimentally we have 
observed that the overall space overhead of the MARKET 
algorithm does not exceed 3KB.    

4.3.1 Comparison for Given Parameter Setting 

2

3

4

5

6

7

8

9

0 10 20 30 40 50

Response-time bound (minutes)

T
h

r
o

u
g

h
p

u
t 

(m
a

tc
h

e
s/

p
e
e
r
)

MARKET

RANDI

LRU

LFU

Ideal Benchmark

 
 

Figure 4.1.  Response-time bounded throughput of 

compared algorithms (LFU and RANDI overlap each other).  

Transmission size = 150 KB, RDB size=200KB 
 
Figure 4.1 shows the response-time bounded throughput of the 
compared algorithms. As mentioned previously, the response-
time bound (x-axis) only extends to 50 (minutes) because all the 
curves are flat after this bound. Thus the throughput with 
response-time bound 50 represents the throughput regardless of 
the response-time-bound. 
 

The MARKET throughput corresponding to the response-time 
bound of 10 minutes is 75% of the ideal performance. This 
means that, on average, 75% of the reports which are accessible 
immediately in an ideal situation are also accessible within 10 
minutes in an environment where MARKET caching scheme 



has been employed. 25% of the reports are missed in MARKET 
due to insufficient peer density and memory/bandwidth 
constraints. 
 

4.3.2 Impact of local memory (RDB) size 
Figure 4.2 shows the overall averaged throughput (throughput 
with response-time bound of 50 minutes) of different methods 
while varying the RDB size of mobile peers. As the throughput 
graphs demonstrate, the different methods perform closely when 
RDB size is very small (50 KB). When peers have a very limited 
local memory, most of the reports will be purged; thus ranking 
scheme does not have enough opportunity to reveal its power 
over the other compared methods. When the RDB size is 
between 100KB and 200KB, MARKET outperforms all the 
other three mobile P2P schemes. When the RDB size is bigger 
than 250KB, LRU outperforms MARKET although MARKET 
still outperforms LFU and RANDI. This suggests that 
MARKET is particularly suitable for the situation where the 
database size is small. 

Observe that the performance of MARKET changes more 
radically when the RDB size is between 50 KB and 200 KB. 
These are the settings where RDB size is fairly limited, and 
accordingly, ranking schemes affect algorithms’ performance.          
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Figure 4.2.  Throughput as a function of RDB size. 

Transmission size = 100 KB. 
 

4.3.3 Impact of transmission size 
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Figure 4.3. Throughput as a function of Transmission size. 

RDB size = 200 KB. 
 

Figure 4.3 depicts the average throughput of the compared 
algorithms in terms of the transmission size (K). From the figure 
it can be seen that as the transmission size increases, the 
throughput increases for MARKET, RANDI, and LFU whereas 
the throughput of LRU remains almost constant. This suggests 

that MARKET is particularly suitable for the situation where the 
transmission size is big.  
 

5. Application of MARKET for KNN Query 

Processing 
In this section we demonstrate the MARKET algorithm in the 
context of K-nearest-neighbors (KNN) queries, where the 
reports are the current locations of mobile sensors. Thus, the 
MARKET algorithm is specialized to process this specific 
spatial query. We compare the MARKET continuous-KNN 
performance with that of the in-network KNN algorithm given 
in [20] (called DIKNN). This section is organized as follows. In 
§5.1 we discuss the instantiation of MARKET for KNN query 
processing. In §5.2 we compare MARKET and the DIKNN 
algorithm ([20]) which is designed especially for KNN query 
processing in mobile sensor networks. 

5.1 KNN Query Processing in MARKET 
We consider a system where there is a single static sink. The 
sink is continuously interested in knowing the k mobile peers 
that are closest to a static query point q. Thus the sink and every 
other peer have a query Q which contains the coordinates of q. 
Q is know to all the peers before the KNN query processing and 
therefore it is not transmitted during a P2P interaction. A report 
is produced by each mobile peer O every one second. The 
report, referred to as the location report, contains the current 
timestamp, the current location of O, and the peer-id of O. We 
refer to the location included in a report R as the home location 
of R.   

For the computation of the demand in eq. 3.1, Q(R), i.e., the 
degree to which a report R satisfies the KNN query Q is 
negatively correlated to the distance between the home location 
of R and the query point q, and is [0-1] normalized. For 
example, if the distance between the home location of R and q is 
1.4 mile, and the maximum distance between q and the home 
location of a report in the peer’s database is 2 miles, then the 

demand for R is (1−1.4/2=0.3).  

The reports propagate via P2P to the sink, which is one of the 
peers. The sink answers the KNN queries based on the latest 
location of each peer maintained in the sink’s reports database.  

5.2 Comparison with DIKNN ([20]) 
The DIKNN Algorithm. In the literature there is no algorithm 
for in-network processing of continuous KNN queries. Thus we 
use an instantaneous algorithm, DIKNN, and execute it 
repeatedly. In DIKNN, the query issued by the sink is 
geographically routed from the sink to the nearest neighbor of 
the query point p by GPSR ([3]). The query is then disseminated 
to all the peers in a circular searching area centered at p. The 
size of the searching area is determined based on the density of 
the network, such that the k nearest neighbors are inside the 
searching area with a high probability. At the end of the 
dissemination, the aggregated query response is routed back to 
the sink. 

Simulation Method. MARKET is implemented in SWANS 
(Scalable Wireless Ad-hoc Network Simulator) built at Cornell 

([14]). 100 peers move within a L×L square area according to 
the random way-point mobility model with mean speed 1 
mile/hour and mean pause time 180 seconds. In this setup, the 
average number of peers D within a circle with radius 100 



meters (i.e., the transmission range), is 
2

100100
100

L
D

××
×=

π . We 

refer to D as the peer density. D is a system parameter which 
varies from 1 to 6. L is chosen such that the peer density equals 
to D. The whole simulation runs for 8 simulated hours. 

For DIKNN, we do not simulate its operation. Instead, we 
compute the upper bound of its query accuracy. Assume that the 
geographic routing is reliable and instantaneous, and the 
searching area contains all the K-nearest neighbors, thus the 
query is correctly delivered to them. Then with DIKNN, a 
correct KNN is returned to the sink if and only if there exists a 
path between this KNN and the sink at the time when the query 
is issued. For each query, we compute the fraction of the correct 
KNN’s for which there are paths between them and the sink, and 
take this fraction to be the accuracy of DIKNN. 

The above simulation method favors MARKET in the sense that 
MARKET is designed for continuous queries and DIKNN is 
designed for instantaneous queries. On the other hand, it favors 
DIKNN in the follow senses. First, DIKNN is optimized for 
KNN query processing whereas MARKET is a general purpose 
query processing algorithm. Second, MARKET is compared 
with the upper bound accuracy of DIKNN. 

The sink is located at the center of the northwest quadrant of the 
simulated square area. The query point is located at the center of 
the southeast quadrant. The query is issued every one second. 
For MARKET, this means that KNN’s are computed at the sink 
using the local database every 1 second. The local database has 
the last known location of each peer, but some of these locations 
may be outdated, thus the computed KNN may not be accurate. 
The accuracy of each KNN query is measured by the fraction of 
the correctly returned KNN’s. 

The size of each report is 24 bytes, including 16 bytes for the 
coordinates of the location, 4 bytes for the timestamp, and 4 
bytes for the peer-id. The size limit of each reports database is 
randomly chosen from [1200, 3600] bytes. Thus the average 
number of members in a reports database is 2400K/24=100. The 
query database holds exactly one query which is the only query 
in the system. The size of the query is 16 bytes for the 
coordinates of the query point. All the simulation parameters and 
their values are listed in Table 5.1. 

TABLE 5.1. SIMULATION PARAMETERS AND THEIR VALUES 

Parameter Unit Values 

Number of mobile peers  100 

Transmission range  meter 100 

Peer density 
Number of peers in a 
circle with radius r 

1, 2, 3, 4, 5, 6 

Data transmission speed bits/second 2M 

Report production rate reports/second/peer 1 

Report size range byte 24 

Query size byte 16 

Reports database size range byte [1200, 3600] 

Demand database size byte 16 

Mobility model  Random way-point 

Average motion speed miles/hour 1 

Average pause time second 180 

Simulation run time hours 8 

 
Simulation results. Figure 5.1 shows the accuracy of MARKET 
and DIKNN when k is 10, for different peer densities. Figures 
5.2 and 5.3 show the accuracy when peer density is 2 and 1 

respectively, for different values of k. From these figures it can 
be seen that the accuracy of MARKET is by far higher than that 
of DIKNN when the peer density is low. When the peer density 
is 1, the DIKNN algorithm completely fails, with 0% accuracy. 
In this case MARKET manages to provide up to 30% accuracy 
(see Figure 5.3). When the peer density is 2, MARKET 
outperforms DIKNN by an order of magnitude, regardless of the 
value of k. In this case the accuracy of MARKET reaches 60% 
for k=20 (see Figure 5.2). The reason for the poor performance 
of DIKNN in a sparse network is that, with very high probability 
there does not exist a path between the sink and a KNN. When 
the sink and the KNN are disconnected, the query does not reach 
the KNN and the KNN is not collected in the query response. 
MARKET, on the other hand, does not need a 
contemporaneous path to collect results. This demonstrates the 
benefit of store-and-forward in a sparse network. When the peer 
density is higher than 5 (see Figure 5.1), DIKNN starts to 
outperform MARKET.  
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Figure 5.1. Accuracy as a function of peer density with k=10. 

The accuracy is zero for DIKNN for peer densities 0.5 and 1. 
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Figure 5.2. Accuracy as a function of k with peer density = 2 
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Figure 5.3. Accuracy as a function of k with peer density = 1. 

The accuracy is zero for DIKNN for all the k values. 

6. Relevant Work 
Static-sensor databases: A database approach has been applied 
to static sensor networks (e.g., [9]). These methods require that a 
certain routing structure, e.g. a tree, be established in the 
network. Such a method is unsuitable for a dynamic network 



topology because the routing structure is hard to maintain. Some 
works in static sensor networks involve negotiations between 
neighboring sensors (e.g., [5]). The objective is to ensure that 
the reports wanted (i.e., unknown reports in our context) by the 
receiver are transmitted. However, the negotiation considers 
only the utility of reports to the receiver, whereas the MARKET-
algorithm considers both the utility of reports to the receiver and 
to the future encountered mobile peers.  
 

Prioritization in mobile peer-to-peer data dissemination: 
Ranking reports for memory (cache) management and 
bandwidth management in mobile peer-to-peer networks has 
been studied in a number of works. In [15] the rank of a report 
for storage only is jointly determined by its demand, reliability, 
and size, but not on supply. Our comparison with RANDI shows 
the importance of supply.  In [22] reports are ranked based on an 
abstract utility function which is to be defined by specific 
applications. Our ranking method can be considered as an 
instantiation of the utility function. 
 

Delay/Fault-Tolerant Mobile Sensor Networks [10]: This 
work studies how to efficiently deliver reports from sensors to 
sinks in disconnected mobile sensor networks. It is assumed that 
every sink is interested in receiving every sensor-produced 
report. In our context, there are queries and they may be 
different for different sinks, and these have significant 
implications in the P2P interaction mode and reports ranking. 
 

Resource discovery (e.g. [13]) and Publish/subscribe (e.g. [1]) 
in MANET’s: These papers often build a routing structure for 
resource information dissemination. Consequently they can be 
inefficient, particularly in networks that are prone to frequent 
topology changes and disconnections due to mobility and turn-
over. In such an environment, either a lot of communication has 
to be expended to keep the routing structure up to date, or the 
routing structure rapidly becomes obsolete and misses many 
matches. Furthermore, these methods depend on network 
connectivity, and do not work in sparse networks.  
 

Cooperative caching in mobile environments: The MARKET 
algorithm performs a form of cooperative caching; the local 
database of each mobile peer is a cache that services a query 
originator in the QR operation. Most of existing cooperative 
caching methods are based on query-to-data (see e.g., [18]). If 
there does not exist a path between the query originator and the 
data caches, the query fails. This strategy suffers in a sparse 
environment, which is dealt with here by store-and-forward. 
 

7. Conclusion 
In this paper we proposed the MARKET algorithm for querying 
mobile P2P databases. MARKET includes a novel strategy for a 
mobile peer to prioritize the reports based on their relevance. 
The relevance of a report depends on its size, demand (how 
many peers are querying it), and supply (how many peers 
already have it). Queries are disseminated to enable the 
estimation of demand. A machine learning algorithm, called 
MALENA, is used to enable the estimation of the supply.  

We compared MARKET with RANDI, LRU, and LFU by 
simulations using real-world mobility traces. The comparison 
was in terms of a metric that incorporates throughput and 
response time: the total number of reports matching the internal 
query that are delivered to an average consumer within a certain 
response-time bound. The results show that MARKET 

outperforms RANDI and LFU in all the test cases. MARKET 
outperforms LRU when the database size is small and the 
transmission size is big, whereas LRU outperforms MARKET 
when the database size is big and the transmission size is small. 
Furthermore, 75% of the reports which are accessible 
immediately in an ideal situation are also accessible within 10 
minutes in an environment where the MARKET caching scheme 
is employed. 

We further instantiated the general-purpose MARKET algorithm 
in the context of continuous KNN query processing and 
compared it with DIKNN. The comparison shows that when the 
network is sparse (peer density = 1), DIKNN completely fails, 
with no correct answers returned at all, whereas MARKET 
manages to provide up to 30% accuracy. When the peer density 
is 2, MARKET outperforms DIKNN by an order of magnitude 
and provides up to 60% accuracy. When the peer density is 
higher than 5, DIKNN outperforms MARKET.   
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