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ABSTRACT

A major factor that prevents the large scale deployment of
Mobile Crowd Sensing (MCS) is its sensing and communica-
tion cost. Given the spatio-temporal correlation among the
environment monitoring data, matrix completion (MC) can
be exploited to only monitor a small part of locations and
time, and infer the remaining data. Rather than only taking
random measurements following the basic MC theory, to
further reduce the cost of MCS while ensuring the quality of
missing data inference, we propose an Active Sparse MCS
(AS-MCS) scheme which includes a bipartite-graph-based
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sensing scheduling scheme to actively determine the sam-
pling positions in each upcoming time slot, and a bipartite-
graph-based matrix completion algorithm to robustly and
accurately recover the un-sampled data in the presence of
sensing and communications errors. We also incorporate
the sensing cost into the bipartite-graph to facilitate low
cost sample selection and consider the incentives for MCS.
We have conducted extensive performance studies using the
data sets from the monitoring of PM 2.5 air condition and
road traffic speed, respectively. Our results demonstrate that
our AS-MCS scheme can recover the missing data at very
high accuracy with the sampling ratio only around 11%, while
the peer matrix completion algorithms with similar recov-
ery performance requires up to 4-9 times the number of sam-
ples of ours for both the data sets.
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1 INTRODUCTION

The proliferation of smart phones contributes to the pros-
perity of a novel sensing paradigm called Crowd Sensing,
where individuals with sensing and computing devices col-
lectively measure and map phenomenon of common inter-
est. In crowd sensing applications, humans can work as the
sensor carriers or even the sensors to report the conditions
of the surrounding environment, such as weather, traffic, air
quality, etc. Due to the mobility of carriers, crowd sensing
is also termed mobile crowd-sensing (MCS) [10] to refer to
a broad range of community sensing paradigms.
Different from traditional wireless sensor networks (WSNs)

[8,9, 41]which usually leverage dedicated sensors to acquire

real-world conditions, MCS utilizes citizens’ off the-shelf smart-

phones to capture social and urban dynamics. Compared to
WSNs, the grassroot participation offers MCS a number of
advantages: (1) MCS leverages existing sensing and commu-
nication infrastructure, and therefore, its deployment cost is
much lower than that under WSNs; (2) The inherent mobil-
ity of mobile users provides unprecedented spatiotemporal
coverage compared to static sensor network deployments.

Many MCS applications require the long-term monitor-
ing of a large area. For example, a city planning and man-
agement agency may be interested in the environment con-
ditions of an urban area, which are tracked with a sensing
map with the target area divided into N grids. The data mon-
itoring over T time slots can be organized as a Xy matrix.

Ideally, the planner would like to get the complete sensing
map. However, not all areas are covered by mobile users that
are willing to provide the sensing data. The coverage ratio
is often used as a quality metric to measure how many sub-
areas (grid cells) of the target domain have been covered,
and whether sufficient data have been collected from partic-
ipants [2, 7, 11, 32, 46, 47, 50]. Existing research on task allo-
cation in MCS primarily takes full coverage [32, 47] or cov-
erage with a high probability as a constraint [2, 11, 46, 50].
As a result, an organizer has to collect at least one sample
from each grid in a time slot or get data from most of the
cells in the target area [46, 47], which would incur a large
sensing and communication cost if the monitoring area is
large and the data need to be collected over a long term.
This will prevent the practical and large-scale deployment
of MCS systems.

As almost all physical conditions monitored are continu-
ous, sensory data generally exhibit strong spatio-temporal
correlation [35], thus the environment matrix X has a low-
rank feature. This provides the prerequisite for using the ma-
trix completion (MC) [5, 16] to gather environment data to
reduce the cost, where only a small set of grids need to be
sampled and monitored by participants and the data of the
remaining matrix entries can be inferred. Compared with
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the traditional converge-based task allocations, MC-based
data gathering provides a new avenue for low cost MCS
monitoring.

Some recent studies apply matrix completion to MCS [18,
28,37, 38,43, 45, 52], with the major focus on finding various
algorithms to infer the missing values instead of sampling
scheduling. Without considering whether the samples carry
sufficient information for matrix completion, these techniques
may suffer from big errors to infer the un-sampled data even
though they can output their best estimation given a few
known entries.

To guarantee the data quality, several theoretical contri-
butions are proposed in matrix completion. For example,
Candes and Recht [5] prove that an n; times ns matrix of
rank r should take at least m > Cn%rlog(n) samples for
the matrix completion to succeed with a high probability,
where n = max(ny, na). Several follow-on studies develop
slightly different sampling thresholds, but all are essentially
O (nrlog(n)) [16, 29]. Derived based on the random sam-
pling, these bounds are loose. Our recent studies show that
the number of samples taken based on this bound is signifi-
cantly larger than needed. Moreover, some recent results [6,
15, 34] show that different sampling locations would bring
different information for the matrix recovery. If locations
are well selected, a small number of samples would be able
to bring sufficient information, which helps to reduce the
sample number.

Rather than only taking random samples, to further re-
duce the cost of MCS while reliably obtaining the complete
sensing map in presence of practical sensing and commu-
nication errors, we would like to investigate the possibility
and techniques to perform an active sparse mobile crowd
sensing where sample locations in the upcoming time slot
can be carefully selected to provide more information for
lower sensing cost and to reduce inference errors. With only
the information of historical data, it is hard to determine
how to schedule the future sampling to guarantee the perfor-
mance of data recovery, and scheduling is made even hard
with many practical factors to consider. Some challenging
issues are:

e How to determine the number of samples to take?
To achieve low cost measurement, redundant samples
should be minimized. However, it is very hard to de-
termine how many samples are sufficient to obtain the
complete sensing map without knowing the informa-
tion of the future data. There is also a need to consider
the incentive and the total sensing cost when making
the sample selection schedule.
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e How to select the locations to take samples? Dif-
ferent sampling locations may bring different infor-
mation to the matrix completion procedure, which fur-
ther impacts the recovery performance. Without a prior
knowledge of the future data, it is very difficult to
select the sampling points. The locations chosen for
sensing are also constrained by the geographic distri-
butions of candidate participants. If there are not par-
ticipants, its data can only be inferred. In addition, in-
centive is often provided in MCS [13], where the cost
of sensing can be unbalanced in different geograph-
ical locations due to the difference in area coverage
and density of participants. In this case, the selection
of sample locations needs also to consider the total
cost.

How to ensure the matrix recovery to be robust
to noise and small errors? In a practical MCS sys-
tem, the data observed may include unavoidable noise
or small errors during transmissions, which may have
significant impact on the recovery performance. This
requires carefully determining the samples and reli-
ably inferring unsampled data.

To conquer the challenges, we propose an Active Sparse
MCS scheme (AS-MCS) based on matrix completion to pre-
select sufficient samples with minimum sensing cost while
accurately inferring the un-sampled monitoring data. Spe-
cially, we develop a scheduling algorithm to carefully select
the grid locations to take samples in each upcoming time
slot based on data already taken, taking into account the dif-
ference in information, cost for the sensing of different grid
locations and the impact of the samples on the reliability of
solutions. As no existing studies investigate active matrix
completion (MC)-based sampling for efficient and low cost
MCS data gathering, we propose several novel techniques
to solve this problem:

o After a thorough investigation of the relationship be-
tween sample locations and factor matrices in matrix
factorization, we propose a bipartite graph to intel-
ligently represent the environment matrix with well
defined vertexes and edges. Moreover, to facilitate low
cost sample selection and consider the incentives for
MCS, we incorporate the sensing cost into the graph.

e Based on the well designed graph, we model the low
cost sampling problem as an edge selection problem
and view the matrix completion process as solving a
linear system consisting of multiple equations.

e We propose two sample selection strategies to deter-
mine sample locations for accurate and robust matrix
completion in the presence of unavoidable noise thus
the perturbation to the sensory data. The first strategy
does not schedule sampling at a position if this does
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not add much information for data recovery, while the
second strategy provides a low-cost and efficient sam-
ple selection strategy to build a stable linear system
by well utilizing the geometry features of the linear
system.

e We provide a theoretical analysis to demonstrate that

the linear systems in our solution are not under-determined

and solvable, and the samples we take are sufficient to
obtain the complete data even though the information
of the upcoming time slot is unknown.

e We have performed extensive experiments using two
data sets, one on PM 2.5 air conditions and the other
on traffic speeds on the road. Our results demonstrate
that our pre-scheduled scheme can recover the miss-
ing data at very high accuracy with the sampling ra-
tio only around 11%. The peer matrix completion al-
gorithms with similar recovery performance requires
up to 4-9 times the number of samples of ours for the
two public data sets.

The rest of the paper is organized as follows. We intro-
duce the related work in Section 2. We present the problem
in Section 3. We represent matrix factorization with bipar-
tite graph in Section 4, and propose algorithms for sampling
scheduling and graph-based matrix completion in Section 5
and Section 6, respectively. We give the algorithm analysis
in Section 7. Finally, we evaluate the performance of the pro-
posed algorithms through extensive experiments in Section
8, and conclude the work in Section 9.

2 RELATED WORK

One of the challenges faced by crowd sensing systems is
the high burden on participants. The need of performing
time and energy consuming data collection creates a bar-
rier that prevents a large number of users from joining the
systems. Financial incentives are often given for the partic-
ipation [30, 49]. Although several studies [2, 11, 32, 47, 50]
have proposed methods to minimize the number of redun-
dant sensing tasks allocated or participants selected, an or-
ganizer has to collect at least one sample from each grid or
get data from most of the cells in the target area [46, 47],
which would incur a large sensing and communication cost.
This will prevent the practical and large-scale deployment
of MCS systems.

The progress of sparse techniques, such as compressive
sensing [4] and matrix completion [5, 16, 21, 22, 42], facil-
itates several realizations of sparse MCS and sparse data
gathering in wireless sensor networks [18, 26, 36, 43]. To
infer the un-sampled data, these schemes usually work of-
fline and exploit compressive sensing or matrix completion
to provide the best estimation of the whole sensory data
with a set of known entries in the data structure. However,
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if the observed samples do not carry enough information,
the recovery performance is very low which results in low
data quality for MCS and WSN applications.

To make the samples sufficient for data recovery in real
time, some recent studies are made to infer the missing data
and obtain the complete data matrix on-line [38, 39, 44, 45].
In these schemes, samples are taken in multiple steps with
a well designed sampling stop condition to reduce the total
number of samples. More specifically, partial knowledge of
current data can be obtained from previous steps, and addi-
tional samples are taken in the next step based on these data.
However, the partial knowledge learning process usually
causes a high computation cost. For example, to learn the
partial knowledge, CCS-TA [37] and its extension SPACE-
TA [39] design a leave-one-out re-sampling principle. Re-
quiring many rounds of matrix completion operations, the
computation cost is very high. Moreover, data values may
vary in different steps. In order to integrate data sensed in
several steps to form a data column during the reconstruc-
tion of matrix, such solutions face the time synchronization
problem, which further reduces the data recovery quality.

Different from conventional matrix completion algorithms,
we view the matrix completion process as solving a linear
system consisting of multiple equations with each associ-
ated with one sample. We can identify the sufficient number
of samples thus the number of equations to make the linear
system not under-determined and solvable. Without a com-
plex stop condition, our proposed AS-MCS can run online.

Instead of taking random samples, very few studies [6,
14, 31, 33, 34] investigate active sampling strategies to se-
lect sample locations. These methods first estimate the un-
certainty or error of the missing entries in the matrix using
the pre-recovered data, then actively select sample locations
that have large estimated uncertainty or error. CCS-TA [37],
SPACE-TA [39] and [38] have applied this method to iden-
tify the sample locations. However, this kind of sampling
strategy has two main drawbacks:

First, the process of uncertainly calculation is separated
from the process of matrix completion, thus the gain on ma-
trix recovery with the selection of sampling locations can
be hardly guaranteed. For example, although authors in [6]
provide three methods (including conditional gaussian dis-
tribution, query by committee, and committee stability) to
calculate the uncertainty of the missing data, we can not find
the direct relationship between the uncertainty estimated
and the quality of matrix completion.

Based on the linear system model of matrix completion,
we propose two sample selection strategies in AS-MCS to
select samples that can carry more information to the linear
system for a higher gain in the recovery performance. We
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also provide theoretical analysis to demonstrate the effec-
tiveness of such strategies even though the information of
the upcoming time slot is unknown.

Second, the uncertainty calculation on the missing entries
relies on pre-recovery of the missing entries. When the pre-
recovery is not accurate, the uncertainty calculated would
also suffer from a large error.

Rather than considering entries of an existing matrix as
in [6, 38, 39], AS-MCS is designed to select future sample
locations in a time slot which corresponds to a new column
without any data yet. A typical matrix completion algorithm
can not recover a matrix with a row or column completely
empty, so existing active sampling algorithms based on the
estimation of the uncertainty of un-sampled data is not ap-
plicable to schedule sampling in the future time.

In the cold start problem of a recommendation system,
given a new user, her preferences on all items are inferred.
This has some similarity to our MCS scenario if we con-
sider each grid as an item and each time-slot as a user. For
a new user, the system does not know any of her prefer-
ences. As a typical way [19, 23] to find user preference for
all items, a new user is first queried for her interests for se-
lected items. This active probing of information from human
users does not apply to the MCS system we consider. Be-
sides the time delay and bandwidth consumption, we can-
not expect to overload users with constant responses. These
user-dependent selection also does not help for improving
the quality of matrix completion. Besides the query based
algorithm, the active learning of sampling locations in [15]
highly depends on the distribution of recommendation data.
It can not be applied in the MCS monitoring whose data dis-
tribution is very different from that of the recommendation
system. The sample selection in AS-MCS does not rely on
data probing and pre-known data distribution.

Moreover, current sparsity-based data gathering schemes
generally assume that the costs for collecting different data
samples are always the same, regardless of where and who
contribute the data. In practice, the data from different grids
may not cost the same. For example, the sensing cost in a cell
may be inversely proportional to the number of participants
in the cell [25], or the network signal strength of the cell [48].
To provide incentives in MCS [13], unbalanced rewards are
made to accommodate the cost difference in different geo-
graphic areas which are impacted by the economic feasibil-
ity, area coverage, and density of participants. To reduce the
total sensing cost, the selection of sampling location needs
to take the diverse grid costs into consideration. Without
considering the cost in the sampling selection process, exist-
ing sparse MCS schemes may introduce high sensing cost.
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Different from above studies, we propose an on-line scheme
in AS-MCS to actively schedule the sampling process to en-
sure the high data recovery quality while taking into ac-
count diverse costs and noise in data samples. Rather than
only taking random measurements following the basic MC
theory, to further reduce the cost of MCS while ensuring
the quality of missing data inference, we build a bipartite-
graph to model the environment data and incorporate the
diverse sensing cost into the graph. By associating the cost
with the reward to the mobile users, our system naturally in-
corporates the incentives to encourage more device owners
to participate in MCS and contribute to the efficient moni-
toring of a large system. Based on the graph, we further pro-
pose a bipartite-graph-based sensing scheduling scheme to
actively determine the sampling positions in each upcoming
time slot and a matrix completion algorithm to robustly and
accurately recover un-sampled data.

3 PROBLEM

A major factor that prevents the large scale deployment of
MCS is its sensing and communication cost, which discour-
ages mobile users from participating in the sensing tasks.
To facilitate the management of a MCS system, we divide a
monitoring area into N grids, and record data collected over
T time slots in an N X T matrix X. Data from a grid corre-
spond to a row in the matrix, and a column of the matrix
records data from all grids in a time slot.

@sampled [ JEmpty [§inferred

Matrix completion

Location  Sampling fchedule

Kedupcoming .
J upcoming

History

History

Figure 1: Sampling schedule problem

Our goal is to actively select the set of grids to monitor to
minimize the sensing cost while also ensuring accurate in-
ference of data in un-sampled grid locations. In the example
of Fig. 1, we have historical measurement data in time slots
Ty, Ts, T3, Ty, and T, where the gray entries are the observed
data and the un-sampled entries in purple are inferred based
on these historical samples through matrix completion. We
would like to design a sampling scheduling algorithm to de-
termine where the measurements should be taken in the
upcoming time slot Tg such that its data in the remaining
locations can be accurately recovered through matrix com-
pletion.
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X))
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ted monjtoring
. A . | matrix X’
Factor matrix training(solving (3)) Matrix recovery(solving (4))
XeM ~(AxB" )M — X ~ AxB" X =AxB'

Figure 2: Matrix factorization model

On a typical MCS platform, mobile users that are will-
ing to provide sensing data can register as candidate partici-
pants. To facilitate scheduling, participants can inform their
grid locations to the MCS center, based on which MCS cen-
ter can assign the sensing jobs to the selective participants
based on their preferences and constraints. The mobility of
users will be taken advantage to increase the sensing cover-
age, but we don’t require users to move to specific positions
with the scheduling. At any specific time, the scheduling is
based on the current locations of available participants and
the need for reliable inference of remaining data. As an in-
herent benefit of matrix completion, the data in the grids
without participants can be inferred.

As an incentive, a participant may be given a reward for
providing sensing data, financially or with credits. From each
selected grid, MCS center can select one or more partici-
pants trading off between the sensing reliability and cost.
If privacy is a concern, MCS center only needs to know
the encoded IDs of participants not their physical identity.
The privacy is not our focus. To provide the incentive, if
an MCS center is informed with the minimum reward ex-
pected by each participant, it can assign the sensing tasks
to minimize its total expense. Alternatively, the MCS center
may announce the tasks with payment, and participants can
compete in providing the services.

We use a Binary sampling matrix M to indicate the loca-
tions that are measured in the time slot T, where

1
mij:{ 0

Let matrix P denote the data matrix that records the en-
vironment data of N grid locations over T time slots. Ac-
cordingly, the incomplete monitoring matrix X can be rep-
resented as

if location i at time j is sampled
otherwise

(1)

XNxT = PnxT ® MNxT (2)

where e represents a scalar product (or dot product) of two
matrices, with x;; = p;;m;;.
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Among various methods to infer the missing matrix items,
we take the one based on matrix factorization. By factoriz-
ing a low-rank matrix into low-rank factor matrices, matrix
factorization can capture the low rank feature of the ma-
trix thus the spatio-temporal correlation for missing data
recovery. We use Fig. 2 to illustrate the matrix factorization
method. Given measurement samples, a monitoring matrix
X with rank k is factored into the product of an N X k factor
matrix A and a T X k factor matrix B by minimizing the loss
as follows:

T 2
(A,B) = argminH(X—AxB ) -M”
AB F

®)

where the loss from matrix recovery is defined based on the
Frobenius norm ||| .

Given sufficient samples, many efforts (such as ALS [12]
and SGD [24]) have been made to train the factor matrixes to
solve the problem in (3). After obtaining the factor matrices
A and B, the monitoring matrix can be estimated through

X=AxBT (4)
where X denotes the recovered monitoring matrix.

Existing methods (ALS and SGD) can achieve good recov-
ery performance when the samples are sufficient, but will
suffer from poor performance otherwise. From [6, 34], we
know that different sampling locations bring different in-
formation to data recovery. Existing matrix completion al-
gorithms only consider how to complete a matrix instead of
determining where to take samples.

In contrast, we are interested in efficiently selecting loca-
tions to take samples in each upcoming time slot for low cost
online MCS monitoring. Specifically, given that the sens-
ing cost is a critical issue in MCS, we would like to inves-
tigate the possibility and methodology of making sampling
schedule to minimize the sensing cost while accurately in-
ferring the un-sampled data in presence of many practical
constraints.

Let mr 1 denote the binary sampling column correspond-
ing to the upcoming time slot T + 1. Its i-th entry m; r41
denotes whether the location i at time slot T + 1 is sampled,
and w(i, T + 1) denotes the cost to take this measurement.
The total sensing cost in the upcoming time slot can be ex-
pressed as

2
i=1

The key problem we want to solve is to identify the optimal
mr41 for each upcoming time slot so as to simultaneously
achieve the following two goals:

ml"T+1W(i7T+ 1). (5)

(1) minimizing the sensing cost (i.e., Eq.(5))
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(2) accurately inferring un-sampled data, that is, samples
identified by locations [M, mr 1] can be applied to ro-
bustly solve the following matrix completion problem

(A,B) = arirg‘mH([X’xTH] —AX BT) * M, mT“]Hi ©

where x71 is the monitoring data at the time slot T +
1, A € RV*k and B € R(T+1%k are the factor matrices
for the monitoring matrix [X, x7.41].

4 REPRESENTING MATRIX
FACTORIZATION WITH BIPARTITE
GRAPH

, k
T, —
x, = abl—ex; = E a,b

ret i

_ T k
Xy = abj—ex, = ZH a,b,,
(a)

()

Figure 3: Matrix factorization and bipartite graph.

In order to schedule the future sampling, we would like
to understand the relationship between each sample in the
monitoring matrix and the entries in the factor matrices.
From the definition of matrix factorization (Fig.2 and Fig.3(a)),
each sample entry x;; in the monitoring matrix can be writ-
ten as x;; = aibjT where a; = {aj1, -+ ,ai, } and b; =
{bj1,--- ,bjk, } are the i-th row and the j-th row of the fac-
tor matrices A and B, respectively. Easily, we can see that
x;j is a linear combination of entries in the factor matrices,

where .
xij = Zr:l airbjr, 7

where a;,, bj, are the r-th entry of the i-th row and j-th row
of the factor matrices A and B, k is the rank of the monitor-
ing matrix.

Taking k = 2 as an example, as shown in Fig.3, a sample
(i,j) can be expressed as

=2 ®

Consequently, we can build a bipartite graph G = {V,, V},, E}
to represent the monitoring matrix. V,, V,, are the vertex sets
with each vertex denoting one row in the factor matrices A
and B, respectively. If an entry x;; is sampled with a mea-
surement, an edge is added into the set E of the graph with

airbjr = ai1bj1 + aizbja.
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the vertexes a; in V;, and b; in V}, connected. One sample in
the monitoring matrix corresponds to one edge in the graph.
We use E to represent the edge set. As each sample is asso-
ciated with one vertex in V, and one vertex in V},, there are
no edges to connect vertexes within V, or V.

Fig.3 shows the relationship between matrix factorization
and bipartite graph. As factor matrices A and B have N rows
and T rows respectively, in the bipartite graph, V, and Vj, re-
spectively have N and T vertexes. A sample x;; corresponds
to an edge that connects a; in V,; and b; in Vj,. As the first
row in the monitoring matrix has one sample x11, the graph
has an edge connecting a; in V, and b; in V.

According to the graph model, given a monitoring matrix
X (rank k = 2) and its two samples (i, ) and (i’, j), we can
build a linear system with the following two equations:

©
(10)

where each sample corresponds to one equation. The linear
system can be further written as follows

xij = ai1bj1 + aizbj2

xij = ay1bj1 + ay2bja,

xij | _| a1 a2 bj1 (1)
Xij a1 ai2 b;
Xij aj; a; b;
If| *¥ |and| “* 2 | are known, as | /! | has two
Xi’j a;rq airo ij
unknown components (variables) b;; and b;s, it can be solved

to one row in the factor matrix B and a vertex in Vj,.

The key problem of this work is to efficiently select sam-
ples and then train the two factor matrices using known
samples to recover the missing data. From (11), we have the
following observations:

using two equations. Obviously, in (11), l } corresponds

e Training factor matrices with matrix completion pro-
cess can be viewed as solving a linear system consist-
ing of multiple equations corresponding to observed
samples.

e For a matrix with the rank k, to train and determine
an unknown row of a factor matrix with k unknown
components, at least k equations are needed.

e The unknown row of a factor matrix corresponds to an
unknown vertex in the graph. An equation in a linear
system corresponds to a sample and thus an edge in
the graph. Therefore, to make the linear system solv-
able, we require that the unknown vertex is connected
with at least k known vertexes through k edges.

Based on above insights, we propose our sampling schedul-
ing algorithm and matrix completion algorithm in Section 5
and Section 6, respectively.

According to (4), after factor matrices A and B are ob-
tained, the monitoring matrix can be recovered. Let (i’, ")
denote a missing entry, the missing data can be estimated
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as
k
~ T E
xi/j/ = ai/bj, = =1 aj’rbj’r, (12)

where a;; and bjs are the i’-th row and j’-th row in matrices
A and B, respectively.

5 SAMPLING SCHEDULING BASED ON
GRAPH

The goal of our sampling scheduling problem is to select the
sampling locations for an upcoming time slot so that the
complete sensing map can be inferred at high quality while
minimizing the total cost.

Sampled DEmpty lnferred . Known OUnknown
V. V,

T, T, T; T, Ts

Gridi IS

History

upcoming time(7s)

Figure 4: Graph corresponding to the sensing matrix.

Fig.4 gives an example to illustrate the relationship be-
tween historical data and the data in upcoming time slot,
where the historical data are contained by a 9 X 5 matrix.
Besides, we also use a column to represent the data of the
upcoming time slot (Tg). As we don’t know the data in the
upcoming time slot in advance, the column is empty. When
there are sufficient historical samples, all vertexes correspond-
ing to the historical data in the bipartite can be trained and
known. Therefore, in the bipartite graph, all vertexes in
Va(a1,- -+ ,a9) and the vertexes in (b1, bo, - -, bs) corre-
sponding to historical data are marked "red” as known. Only
the vertex bry, corresponding to the upcoming time slot
T + 1 is unknown. Based on the graph, our sampling sched-
uling problem is transformed to selecting samples in the up-
coming time slot (Tg) to be able to obtain by 1.

The degree of a vertex is the number of edges connected,
and one sample corresponds to an edge. In Fig.4, as grid 1
has been monitored in time slots Ty and T, with two samples
(1,1) and (1,4), the graph has one edge connecting (a1, by)
and another connecting (ai, bs), respectively.

We associate each edge with a weight w(i, j) to reflect
the cost on monitoring the grid i at the time slot j. For grid
locations that are not covered by candidate participants, we
set the weights of the corresponding edges to large values
to prevent assigning the monitoring tasks to the grids.
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The sensing at different locations may involve a cost, ei-
ther a physical cost associated with the sensing and commu-
nication or an economic cost to cover physical cost through
areward. How to estimate the sensing cost is not the focus of
this paper. In our performance study in Section 8, following
[25], the sensing cost in a cell is set inversely proportional
to the number of participants in the cell. Such geographi-
cally unbalanced prices are reasonable from the perspective
of economic market [49]. As pointed out in [49], due to the
competitions among sellers (mobile users around), the ben-
efit consumer MCS platform (buyer) can obtain is larger, as
the average price asked by mobile users reduces when there
are more users thus the potential sellers around.

According to the relationship between samples and the
linear system, we can easily find that adding one sample
means adding an equation to the linear system. For example,
if we select grids 1, 2 to be sampled at time slot T + 1, we
can set up two equations corresponding to the two samples
(IL,T+1)and (2,T + 1):

bri11

b
al aig alk T+1,2 _ X1,T+1 (13)
a1 az2 asg X2, T+1

bri1k

The problem of scheduling the sampling is transformed to
the problem of adding k edges at the minimum cost to con-
nect the unknown vertexes to the known ones, which will
form a linear system to find the unknown vertexes.

To find the unknown vertex by with the linear system
with the minimum cost, we can sort the vertex a; in V, ac-
cording to w(i, T +1) in an increasing order, and then select
the first k edges to connect k vertexes in V, to the vertex
br+1. However, such a straightforward strategy may suffer
from two problems that may make the linear system either
incomplete or unstable, which fails to provide unique or sta-
ble solution. In following two subsections, we propose two
sampling strategies to avoid these two problems.

5.1 Sampling to form a complete linear
system

To determine an unknown vertex (b € R¥ ) with k unknown
components, it requires at least k equations thus k samples
to build the linear system Ab = x to satisfy rank [A] = k. If
the rank [A] < k, we call the linear system incomplete as it
can not provide an unique solution.

To minimize the number of samples selected while avoid-
ing the construction of an incomplete linear system, we de-
sign our sampling selection strategy 1 described as fol-
lows. We denote the index set of the selected samples as 2.
To check if a new sampling point x; ; can be added to the set
), we will test whether its addition can increase the rank of
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the corresponding coefficient matrix A of the linear system
built so far. If yes, x; ; can be added as a feasible sample;
otherwise, we should search for another candidate sample.
When selecting the sampling locations, we don’t know
the sampling values but know part of the factor matrices
corresponding to historical data. Fortunately, according to
sampling selection strategy 1, sampling location checking
and selection involve only the coefficient matrix A. The co-
efficient matrix is built with the values of vertexes in V,,
which are known from the historical sampling data. There-
fore, the above feasibility check is easily implemented.
5 \
1 5.2 7 [ 6 ]
12
}:) mnk a, }rankHZ 3
35

[ wwe) [ wes) \ w(3.6) | W(4.6)
3 | 35 5 2

W(5,6) |w(66 \ w(7.6) | w(86)

X1 does not satisfy strategy 1

@ Xs6 a, 1 23
X465 = rank||a, ||=rank||2 3 2||=3
Xog a, 521

_ Sort edges according
ag_(6’6’6)@ to sampling cost

a=52,){P5(2,6)=3.5

X, satisfies strategy 1

Figure 5: Sample selection for a complete system.

In Fig.5, x56 and x46 with the least sampling cost w(4, 6)
and w(4, 6) are the samples selected in 2. The next smallest
cost for sampling is x165. However, adding this sample can
not increase the rank of the coefficient matrix and it is not a
feasible sample. Instead, another point x3 ¢ can be selected
to increase the rank of the coefficient matrix.

5.2 Sampling to ensure the linear system
to be robust

In MCS, due to the calibration errors of sensors or the un-
reliable transmission of data over wireless links, the sample
data x may suffer from noise and even loss. A linear system
Ab = x is unstable if there exists a small perturbation ¢ in x,
and the result from a linear system Ab = x + ¢ could be sig-
nificantly different. Therefore, when selecting the sampling
points, it is critical to construct a robust linear system for
the accurate inference of un-sampled measurement data.

We illustrate the un-stability problem in linear systems
With an example For a linear system Ab = x with

L

solution is b = [ L ] If we use the slightly different right

, we can easily see that the

[ 1.0001 - [ 2.0001

2.0001

hand side vector * = 5

to form the linear system

S : P -1
Ab = x, we have the solution b = l 3.0001 ]
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The linear systems Ab = x and Ab = % have the same co-
efficient matrix A, but the small difference in the righthand-
0.001

20.001 leads to completely different

side vectors z — x =

solutions b and b. Following we analyze why the solution
difference b — b happen in linear systems.

b, b,

1.0015f+5,=2.0001

by+b;=2.0001

b

b) 2 a1

k:

Figure 6: Example unstable linear system. (a) System
I represents the lines bo 2 — by and by 2.0001 —
1.0001b;, which intersect at (1,1) (b) System II repre-
sents the lines b, = 2.0001 — b; and b, = 2 — 1.0001x;,
which intersect at (-1, 3.0001). The difference between
the lines is amplified for illustration purpose.

Let b denote the solution vector of the linear system Ab =
x. If we choose a slightly different right hand side vector x,
then we obtain a different vector b satisfying Ab = %. We
want to know how the relative error ||% - x| / ||x|| influences
the relative error Hb - bH / 16l Cerror propagation”). We have

A (I; - b) = (% — x) and therefore,

[b-o=lat G-l <fa i -o1 a9
On the other hand, we have ||x|| = ||Ab]| < [|A]| ||b]|. Com-
b-b .
bining these two equations, we have w < 1Al ||a7Y| %

The number cond(A) = |A]| ||A_1|| is called condition
number of matrix A. To ensure the solutions to be reliable,
we need the condition number cond(A) = ||A]| HA‘1|| to be
small. However, calculating the inverse of the coefficient
matrix A involves a high computation cost. To provide a
practical guidance for the sample point selection, we would
like to resort to a geometric view of the linear system. In
Fig.6, if two lines are almost parallel, a small change in the
sampling value x can result in a relatively large distance be-
tween two intersection points from the two different linear
systems.

Therefore, to make the solutions more reliable, we design
our sampling selection strategy 2 described as follows. To
determine whether a new sampling point x; ; can be added
to the set 2, we will calculate the similarity between co-
sine values of the new candidate sampling point with all the
points already selected, and check if the maximum cosine
value is smaller than a threshold th. If yes, x; j can be added
as a feasible sample into €; otherwise, we should search for
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another candidate sample. For two samples (i, j) and (i, j),
we can obtain the following two equations:
(15)
(16)
where k is the rank of matrix X. We denote the equation
vectors of these two equations as following:

xij = ainbj1 + aigbj2 + - + ajbjx

xirj = ar1bji + apobjo + -+ apgbjk

a;i = (ai1,ai2," ", ajk) 17)
ay = (a1, a2, ,apk) (18)

The cosine similarity, cos(0), is represented as cos(8) = Ha-uHing/ il
L i

5.3 Complete solution

Considering both the feasibility and stability in selecting
sample locations, we design the complete solution as fol-
lows.

1) To minimize the sampling cost, we first sort the candi-
date samples (edges) according to their edge weights in an
increasing order. For samples with the same edge weight, its
sorting is done according to the degrees of their correspond-
ing vertexes in V,.

2) We check one-by-one if a sample will ensure the linear
system to be complete and robust, until we find k samples
according to both sampling selection strategies 1 and 2.

In step 1, when having the same edge weight, we sort sam-
ples according to the degrees of their corresponding nodes
in V,. This is because that the lower the degree of these
vertexes in V,, the fewer the historical samples have been
used to train the corresponding rows in the factor matrix
A. Therefore, adding more samples to associate with these
low-degree vertexes can refine the corresponding parts in
the factor matrix to capture more information for more ac-
curate data recovery.

6 MATRIX COMPLETION BASED ON
GRAPH

The coordination of sensing in MCS can be performed by a
scheduler. A large geographic domain can be divided into
smaller sub-domains, with a scheduler in each to quickly
collect data. After selecting the set of sample locations for
the upcoming time slot, the sensing tasks will be assigned to
selected participants, and the matrix completion algorithm
will be applied to infer un-sampled data after receiving the
sensing data from these participants.

In each new time slot, the topology of the bipartite graph
should be updated by adding a new vertex in V}, and new
edges corresponding to new samples. As shown in Fig.7(a),
vertex bg and edges connecting (ag, bg) and (ag, bg ) are added.
The connection relationship among old vertexes correspond-
ing to historical data does not change.

To accurately recover the un-sampled data in the new
time slot, we design a matrix completion algorithm based
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on the bipartite graph in Algorithm 1, as illustrated in Fig.7.
When two new samples (6,6) and (9,6) are gathered, the ver-
texes in V, and V} except bg are marked as known (shown
in Fig.7(a)) from the training of historical data. According to
step 1in Algorithm 1, we can first build a linear system with
these two new samples (6,6) and (9, 6) to calculate bg. Af-
ter finding be, all vertexes in the graph are known in Fig.7(b).
However, the vertexes except bg only include the old infor-
mation brought by historical data instead of the new sam-
ples.

New samples

O Known:updated in new time slot .Known

Historical samples

QO unknown

®

(a) Adding new vertex and
edges in new time slot

g 96

(b) Calcualte new
vertex value of by

(¢) Update all vertexes

Figure 7: Processes in each new time slot

To address the issue, in every time slot, our matrix com-
pletion algorithm will update vertexes in V, and Vj,. As shown
on lines 2-5 in Algorithm 1, to incorporate new information
to all vertexes in V; and V,, we alternatively train vertexes in
Va and V}, using measurements taken in the new time slot to-
gether with the history samples until their values converge
to stable ones. Finally, with all vertexes in the graph known,
we can infer all the un-sampled data.

Algorithm 1 Matrix completion based on graph

1: Build the linear system using new samples to calculate the vari-
ables (corresponding to the unknown vertex in V)

2: while not convergent do

3: Fix the vertexes in V}, as known, treat vertexes in V;; as un-
known variables, build the linear system using new samples
together with historical samples to update the unknown
variables

4: Fix the vertexes in V, as known, treat vertexes in V}, as un-
known variables, build the linear system using new samples
together with historical samples to update the unknown
variables

5: end while

With the update process on lines 2-5 in Algorithm 1, all
vertexes’ values in the graph are updated using the new mea-
surement data. The update process is important for schedul-
ing in future time slots, as the check of feasibility of select-
ing a sample only depends on the coefficient matrix built
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with vertexes in V,. Incorporating new information at the
current time slot to update vertexes in V, can make future
sample selection more accurate.

Obviously, the linear system for the update process is over-
determined with the number of equations larger than the
number of variables as both historical data and new mea-
surement data are counted. We denote such a linear system
as Dy = x, where D is the coefficient matrix, y is the vec-
tor denoting variables unknown, x is a vector recording the
measurement data. We propose a least square based algo-
rithm, where the problem Dy = x is expressed as myin [|[x — Dyl|

to minimize the residual x — Dy. The solution of this can be

written with the normal equations y = (DTD)_IDTx with
T indicating a matrix transpose.

Although overcomplete linear systems may not be solv-
able using the conventional methods and usable for some
applications, it brings two benefits to our problem: 1) New
samples together with old samples can apply more informa-
tion to better train the vertexes for more accurate data recov-
ery; 2) It helps to alleviate the problems due to small noise
and corruptions in the measurement data, which makes the
data recovery more robust and accurate.

7 ALGORITHM ANALYSIS

In our sample scheduling algorithm, for each unknown ver-
tex corresponding to an upcoming time slot, we will add
samples to make the degree of the vertex reach k. More-
over, according to sample’s feasibility check in Section 5.1,
each sample added in our algorithm in Section5.3 should in-
crease the rank of the coefficient matrix until k samples are
selected and the matrix rank reaches k. Therefore, the lin-
ear system built to calculate the unknown vertexes on line
1 in Algorithm 1 is certainly not under-determined and is
solvable. Moreover, as k unknown variables only needs k
samples, the sample number under our scheme is the mini-
mum.

Different locations selected for sampling build different
linear systems in our algorithm, which further impacts the
recovery performance. To obtain good recovery performance,
sample selection strategies 1 and 2 are adopted to select
the locations to take measurements in MCS in the upcoming
time slot. The sample locations that pass both the feasibility
and stability check can be considered as the feasible ones.

In our scheduling algorithm, only the vertex information
corresponding to sampling locations rather than the sensing
value is needed. This good property makes our algorithm
feasible in practical MCS systems, as the sensing values are
unknown before taking measurements. In the following The-
orem 1, we validate this property through theoretical anal-
ysis. Before we provide Theorem 1, we first present some
definitions.
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Definition 1 We denote by J the Jacobian of the mapping
T : A B+ X = ABT. More specifically, the Jacobian of the
mapping from A and B to X;; can be written as follows:

0xij 6x,]

da,’ Oy
where a; is the i-th row vector of A and b; is the j-th row
0 i"#i

{bj i =i

where 0 denotes a vector whose

Oxij Oxij. 0xij J

*day’ 9b, (a9)

6xl-j

vector of B.In (19), according to Eq(7), 52~

0 j#j
ai j =]
size is k with each entry being 0. Therefore, Eq(19) can be
written as

Oxij

adab,

axij ax,j Bx,j Bx,-j
(aal""’aa > db, "’abT)
20
_ (0'”bj”'0 0...ai...0) (20)
7

Derivative wrt:a; Derivative wrt:b;

Oxij Oxiy - Oy
*Bay’ Bb, >0 Db,
the length equal to k(N +T). As the matrix X has N x T
entries and X = ABT, we can write the Jacobian J (A, B) as
an NT x k (N 4 T) matrix.

InN ® by
In ® b2

Obviously, ( aa S ) is a vector with

J(AB) = Ir®A (21)

INQbT

where ® denotes the Kronecker product. Here the rows of
J correspond to the entries of X in the column major order.
Definition 2 For a position (i, j), we define J; ;) to be the
single row of J corresponding to the position (i, j). Similarly,
we define Jg to be the submatrix of J consisting of rows
corresponding to the set of observed positions E. Jg is the
Jacobian of the mapping €2 o T where () is the sampling
location set.

The vector shown in Eq (20) can be denoted as Ji; ;), which
corresponds to the position (i, j). A matrix Jg formed with
multiple vectors can be applied to represent the Jacobian of
mapping for positions in E.

Let the set ¢ represent all the positions in a matrix X.

Definition 3 Let E C ¢ be a set of observed positions.
For the position (i,j) € ¢\E, we say that the sample (i.e.,
xi;) from this position is completable from samples taken at
positions in E of a rank k matrix X if the entry x;; is com-
pletable from Q) (X). The rank k finitely completable closure
cly (E) is the set of positions completable from E.

In Fig.8, the observed positions are contained in the set

={(1,1),(1,4),(2,2),(2,4),(3,3),(4,2), (4,3) }. If we can
mfer values at positions ((1,2), (2,3), (4,4)) based on these
samples, then cly (E) = {(1,1),(1,4),(2,2), (2,4),
(3,3),(4.2), (4,3), (1,2), (2.3), (4,4)}.

>

b} ) 1
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Figure 8: An example to illustrate cly (E)

Theorem 1 Let E € ¢ and let X be a rank k matrix. Then

clp (E) = {(i,j) €e: Jijy € rowspan]E} (22)

where rowspan]g is the set of all possible linear combina-
tions of the row vectors in the Jacobian matrix Jg.

Proof Let (i,j) € ¢\E. Before we provide the proof, we
first utilize Fig.9 to illustrate some operations involved in
the proof. Fig.9(a) shows the mapping T : A,B — X = ABT.
T (A, B) is the resulted N X T matrix of the mapping. f is
the projection of Y (A, B) onto the set of entries at positions
E U {(i,j)} and g removes the entry (i, ;). Fig.9(b) shows
f (Y (A, B)). Fig.9(c) shows g (f (Y (A,B))). g~! is the re-
verse operation of g.

N n-Empty () Empty (] sampte 7. )< & Jsamte (i, £
X

;i:L

o /(1(4,8))

VS
@ Y(4,B)

(c)g(/()‘(/l,fs)))

Figure 9: Operations

Let (M (N X T, k)) denote the space formed with matrices
€ RNXT whose rank is not larger than k. According to the
operations in Fig.9, we can find the open neighborhoods of
f (Y (A, B)) (denoted as M) satisfying that f (T (A, B)) €
M c f (M (N xT,k)). Similarly, we can also find the open
neighborhoods of g (f (T (A4, B))) (denoted as L) satisfying
that g (f (Y (A,B))) € L c go f (M (N X T,k)) such that
the restriction of g to M is smooth and g™t (L) ¢ M.

We have

dim (g_l (L)) +dim N = dimM (23)
With the smoothness of g (f (Y (A,B))) and f (T (A, B)),

according to constant rank theorem [27], we can obtain that:
dimL =dim (g (f (Y (A, B)))) = rank (JE (A,B))  (24)
and
dimM = dim (f (Y (A, B))) = rank (]EU{(i,j)} (A,B)) (25)
If and only if
rank (Jg (4,8)) = rank (Jgu(i,j)) (4.B))

we have dim (g7! (L)) = 0, that is, the position (i, ) is com-
pletable from E and Y (A, B).

(26)



Research 2: Privacy/Blockchain

Equation (26) is just the assertion that Jy(; j)} € rowspan]g.
The proof completes.

Because the rows of Jg and Jgy(;, j)) have non-zero columns
only at positions that depend on E and (i, j), whether (26)
holds or not does not depend on the values of X but the
sample positions. Therefore, without the knowledge of mon-
itoring data value, we can schedule the sample selection pro-
cedure in advanced.

8 SIMULATION

We use one PM 2.5 air condition data set (denoted as PM
2.5) and one road traffic speed data set (denoted as Traffic)
to evaluate our proposed AS-MCS.

e PM 2.5 [53] includes PM 2.5 air condition data col-
lected every one hour in the time span of 2014-05-
01 to 2015-04-30 from 437 monitoring locations in 43
cities in China including Beijing, Tianjin, Guangzhou,
Shenzhen, and other 39 adjacent cities.

e Traffic [1] includes traffic speed data collected from
142 road segments in Manhattan (New York City) ev-
ery five minutes from 04:00 AM to 23:55 PM everyday
during the time span from 2017-11-29 to 2018-01-11.

To evaluate the accuracy of different matrix completion
algorithms, instead of absolute error metric, we use two rel-

where 1 < i < N,

ative error metrics Error(sample) = and

S jyed (Kij=%ij)?

VE i jyea (xi)?
1 <j < T, and Q denote the index sets of sample entries
and un-sampled entries, respectively. x; ; and X; ; denote re-
spectively the (i, j)-th element of the raw environment ma-
trix X and the matrix X recovered through the matrix com-
pletion. The first metric is the relative error to evaluate the
impact of matrix completion on data elements whose initial
values are observed, the second is the error for the inferred
data.

Error(un — sample) =

8.1 Impact of matrix rank k

In our algorithm and other matrix completion algorithms
based on matrix factorization, matrix rank is an important
parameter. To investigate how matrix rank impacts the ma-
trix factorization, given a rank, we first apply matrix factor-
ization to the data sets PM 2.5 and Traffic to train the fac-
tor matrices and then recover the data (denoted by X) with
these trained factor matrices.

In Fig.10, we can see the error(sample) decreases with the
increase of matrix rank, as an under-estimated matrix rank
k makes the matrix factorization far from capturing the full
structure of the data. After k reaches 10 (Traffic) and 30 (PM
2.5) respectively, increasing k will no longer increase the
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Figure 10: Impact of rank k.

recovery performance. Therefore, setting k = 10 and k = 30
can capture the whole structure in the data. In the remaining
simulations, we set k = 10 (Traffic) and k = 30 (PM2.5),
respectively.

In a practical application, the initial samples can be taken
completely to estimate the matrix rank, and the rank can be
adapted over time based on the relative recovery errors. The
rank estimation is not the focus of this work. In our sample
scheduling algorithm, for each unknown vertex correspond-
ing to an upcoming time slot, we will add samples to make
the degree of the vertex reach k. k directly determines the
sampling cost. In practice, the sensory data may get loss due
to the bad transmission condition. To prevent the problem,
we can adopt a redundant sampling strategy. Therefore, in
our following experiment, we will select 1.5 X k samples for
the upcoming time slot.

8.2 Effectiveness of AS-MCS

For each data set, the data of the first day are used for train-
ing the factor matrices to obtain the basic values of vertexes,
and the data from the second day are used for testing. Af-
ter the training, in each upcoming time slot, the following
steps are taken: 1) using the trained vertexes to determine
the sampling locations in the upcoming time slot, 2) run-
ning the matrix completion algorithm after collecting the
data samples in the new time slot to infer the missing data
in the time slot and update the vertexes in the graph, 3) go-
ing back to 1) using the updated vertexes to schedule the
sensing in the next upcoming time slot.

Besides our AS-MCS, we implement other five matrix com-
pletion algorithms LMaFit[40], NMF[20], SRMF [18, 51],
OptSpace[17], and SVT[3] for the performance comparison.
As these algorihtms do not support the sampling schedul-
ing, for these matrix completion algorithms, we apply the
uniform sampling to randomly choose the sample points in
the 24 hours of the next day.

As discussed in Section 2, existing uncertainty based ac-
tive sampling [6, 38] can only be applied to select samples
within a matrix, and it can not be directly applied in our
MCS scenario. To compare our AS-MCS with these exist-
ing algorithms, we adapt them so they can find samples for
the upcoming time slot, and we call the revised algorithm
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UAMC. More specifically, UAMC first uses the data in the
last column of the matrix recovered from historical data as
the pre-recovered data, and then applies the algorithm in
[6,38] to calculate the uncertainty and select samples to take
in the upcoming time slot. Although authors in [6] provide
three methods to calculate the uncertainty of the missing
data, the method based on conditional gaussian distribution
has been demonstrated in [6] to achieve the best recovery
performance, so this method is taken in UAMC.

To evaluate how sampling costs from different locations
impact the algorithms, following [25], we first randomly gen-
erate the number of participants following Poisson distribu-
tion in each grid for each time slot, then set the cost of each
grid location as the reciprocal of the number of participants.

As all the matrix completion approaches are executed it-
eratively to train the parameters needed. For a fair compar-
ison, we adopt the same two stop conditions: 1) The dif-
ference in the recovery loss on the sampling entries (i.e.,

V2 jea (xij—%ij)?

St ) between two consecutive iterations is
smaller than a given threshold value, set to 107° in this pa-
per; 2) The maximum number of iterations is reached, set to
500 in this paper. The iteration process will continue until
either of the two stop conditions is satisfied.
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Figure 11: Recovery accuracy comparison.

Fig.11 shows the recovery results for different data sets.
The x-axis is the sampling ratio. Note that, for our AS-MCS
scheme, we only show the upper bound on the sampling ra-
tio thus sampling number. To investigate the recovery per-
formance of other peer algorithms, we vary the sampling
ratio.
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From Fig.11, we observe that AS-MCS can achieve the low
error ratio with a very small sampling ratio 11% for Traf-
fic and 10% for PM2.5, while the errors of other algorithms
come close to that of AS-MCS only when they use up to 4-9
times the number of samples at the sampling ratios 40%-90%.
These results demonstrate the high effectiveness of AS-MCS
in reducing the sampling rate and recovering data for differ-
ent data sets.

The total sampling cost is obtained by summing up the
sensing cost of all selected samples. To compare the sam-
pling cost among different algorithms, given the total sam-
pling cost under two algorithms (Alg; and Algs), we define

. Ca
the cost ratio as ==

Cai
sampling cost underg;llgl and Algs. In this paper, we set our
AS-MCS as Algo.

For a fair cost comparison, we use Table 1 to list the cost
ratio and sampling ratio when all algorithms implemented
achieve the relative error(un-sample) 0.2. If the peer algo-
rithms can not reach the relative error even when the sam-
pling ratio reaches 90%, we use — to fill the corresponding
table entry. We find that AS-MCS can have significantly
smaller sample ratio and sampling cost compared with other
peer algorithms under all simulation scenarios. In Table 1,
taking the results from the traffic dataset as an example, the
costs under nmf, SRMF, OptSpace, SVT, UAMC are up to 69,
32.96, 63.63, 53.66, and 28.36 times that under our AS-MCS.

where Cyjg, and Cyyg, are the total

8.3 Effectiveness of the sampling points
selected

o

(a) Error(sample)-Traffic

Top-gUncertainty

Error(un-sample)

(c) Error(un-sample)-Traffic

w

Uncertainty

Cost Ratio
N

Cost Ratio

o

(e) Cost-Ratio-Traffic (f) Cost-Ratio-PM2.5

Figure 12: Validate the effectiveness of the sampling
points selected.
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AS-MCS | Lmafit | nmf | SRMF | OptSpace | SVT | UAMC
Sample-Ratio | 0.11 - 0.9 0.43 0.83 0.7 0.37
Traffic -
Cost-Ratio 1 - 69 32.96 | 63.63 53.66 | 28.36
PM2.5 Sample-Ratio | 0.1 0.57 0.7 0.9 - - 0.9
" | Cost-Ratio 1 60.16 | 73.88 | 95.01 | - - 95.01

Table 1: Cost-Ratio comparison.

To validate the effectiveness of our sampling selection al-
gorithm, we implement other five sampling selection algo-
rithms along with our matrix completion algorithm. We call
the number of sample points selected in AS-MCS NUM. For
a fair performance comparison, all sample selection algo-
rithms select NUM samples. The peer sampling algorithms
are described as follows. 1) Uncertainty: is an adaption of the
uncertainty-based active sampling algorithm [6] (described
in Section 8.2); 2) Top-1: selects the top-NUM positions with
the fewest number of historical samples; 3) Top-2: selects the
top-NUM positions whose historical samples have the high-
est variance; 4) Top-3: selects the top-NUM positions with
the largest edge weights; 5) Top-4: selects the top-NUM po-
sitions with the smallest edge weights.

As shown in Fig.12, besides our sampling selection algo-
rithm, all other sampling strategies (Top-1, Top-2, Top-3, Top-
4 and Uncertainty) suffer from high recovery errors as they
can not guarantee the building of a complete and stable lin-
ear system for robust and accurate matrix completion. Al-
though Uncertainty is an active sampling algorithm, as it
can not select samples that bring more information to our
matrix completion algorithm, the recovery performance un-
der Uncertainty is even worse than that under Top-1, Top-2,
Top-3, Top-4.

Fig.12(e)(f) show the cost ratio in the simulations. Our AS-
MGCS achieves the lowest error ratio thus the best recovery
performance with the sensing cost slightly larger than that
under Top-4. Although Top-4 achieves the lowest sensing
cost as it selects samples with the smallest cost, its recovery
error is more than 2 times that of our AS-MCS.

8.4 Effectiveness of the proposed matrix
completion algorithm

To validate the effectiveness of our proposed matrix comple-
tion algorithm, we conduct the following simulations. We
feed the sample points selected in our AS-MCS to other ma-
trix completion algorithms (denoted as SampleScheduled in
Fig.13). For a performance comparison, we also randomly
select NUM sample points following the uniform sampling,
and feed these samples to other matrix completion algorithms
(denoted as SampleUniform in Fig.13).

As shown in Fig.13, compared with other peer matrix com-
pletion algorithms, our graph-based matrix completion is

very effective in inferring the missing data and can signifi-
cantly increase the recovery accuracy with lower recovery
errors. The recovery error of AS-MCS is less than 50% those
of other methods. Moreover, the recovery error under Sam-
pleScheduled is smaller than that under SampleUniform in
all cases, which demonstrates that the sampling selected in
our algorithm can exploit the information hidden in the air
and traffic monitoring data for more accurate missing data
inference.
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Figure 13: Validate the effectiveness of the proposed
matrix completion algorithm.

9 CONCLUSION

In this paper, we propose an Active Sparse MCS scheme (AS-
MCS) based on matrix completion to minimize the sensing
cost while accurately inferring the un-sampled monitoring
data. Three novel techniques are proposed in AS-MCS. 1)
We propose a bipartite graph to intelligently represent the
environment matrix. 2) We develop a sampling scheduling
algorithm to carefully select the grid locations to take sam-
ples in each upcoming time slot, taking into account the dif-
ference in information, cost for the sensing of different grid
locations and the impact of the samples on the reliability
of solutions. 3) We propose a graph-based matrix comple-
tion algorithm to accurately and robustly recover the un-
sampled data in the presence of data perturbation as a re-
sult of sensing and communication errors. Extensive perfor-
mance studies using public data sets demonstrate that our
AS-MCS scheme can recover the missing data at very high
accuracy with the sampling ratio only around 11%.
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