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ABSTRACT

This work proposes a collaborative sensor caching and data
reconstruction method based on the sequential compressed
sensing framework. Here, multiple caches are assumed to ex-
ist in the wireless sensor network to store the most recent data
gathered from sensors within their respective coverage areas.
To reduce the cache size and the data-acquisition overhead,
each cache accesses measurements only from a small subset
of sensors. This work proposes a collaborative sparse-signal
reconstruction method that exploits the presence of sen-
sors simultaneously accessible by multiple caches as anchor
nodes to introduce dependency in the reconstruction. The
reconstruction is based on the use of the alternating direction
method of multipliers (ADMM), which enables distributed
implementation of the algorithm. Simulations are provided to
demonstrate the effectiveness of the proposed scheme.

Index Terms— Caching, wireless sensor networks, com-
pressed sensing, alternating direction method of multipliers.

1. INTRODUCTION

Wireless sensor networks (WSNs) and internet-of-things con-
sist of a large number of sensors or devices that are deployed
to gather information from the environment [1]. The gath-
ered information must often be forwarded back to the data-
gathering node or made easily accessible by users. Due to the
large-scale and wide deployment of sensors, constant query
of information directly from the sensors may be costly. This
can be reduced by placing caches optimally within the net-
work to reduce the data access cost, to increase the flexibility,
and also to avoid frequent activation of the sensors.

Sensor caching problems have been examined in the liter-
ature, e.g., in [2–7], mostly from the networking perspective
to reduce data access costs. Specifically, [2] and [3] studied
the optimal placement of caches (or storages) to minimize the
total cost of gathering data, storage, computation, and reply-
ing requests; and [4] proposed the use of cooperative caching
among sensors to improve the accessibility of the sensory
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data. More recently, [5] proposed an adaptive caching mecha-
nism to facilitate sensor virtualization under the sensor-cloud
architecture, and [6] utilized caching to improve the efficiency
of energy usage in energy harvesting WSNs. Furthermore, [7]
examined the joint storage allocation and content placement,
and proposed a hierarchical cache-enabled C-RAN to handle
the tremendous data traffic of IoT sensing services. While
sensor caching has been well-studied from the networking
perspective, its integration with advanced signal processing
techniques has been less explored.

The main objective of this work is to propose an efficient
collaborative sensor caching and data reconstruction method
based on the sequential compressive sensing (CS) framework
[8]. CS has been adopted as an effective sub-Nyquist signal
processing paradigm for WSNs, e.g., in [9], and thus can also
serve as an effective tool for reducing the cost and storage of
sensor caching. In particular, suppose that multiple caches are
deployed in the network to reduce the users’ data access cost
by buffering data from sensors within its vicinity. To reduce
the data-acquisition cost, a cache gathers information only
from a subset of sensors at each time instant. The cache only
stores data that fall within a most recent time window. By ex-
ploiting the sparse representation of the spatially-temporally
correlated sensing field, sensor data can be retrieved locally at
each cache using CS based reconstruction. In this work, we
propose a collaborative reconstruction method where caches
can utilize sensors that fall within their common coverage
area as anchor nodes to introduce dependency among the re-
construction at different cache locations and, in this way, im-
prove the reconstruction accuracy. Here, we utilize the iter-
ative reweighted `1-minimization (IRW-`1) algorithm [10] to
perform the reconstruction, and employ on top of that the al-
ternating direction method of multipliers (ADMM) method
to distribute the computation among multiple caches. Sim-
ulations are provided to demonstrate the effectiveness of the
proposed collaborative reconstruction algorithm.

2. SYSTEM MODEL

Let us consider a WSN with N sensors, denoted by the set
N = {1, . . . , N}, and C distributed caches, denoted by the
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set C = {1, . . . , C}. The sensors are deployed to periodi-
cally monitor the physical environment whereas the caches
are placed to buffer the most recent observations made by
sensors in their vicinity. The set of sensors that are accessi-
ble by cache c is denoted by Nc , {ic,1, . . . , ic,|Nc|}, where
|Nc| is the cardinality of the set and ∪Cc=1Nc = N . Note that
N1, . . . ,Nc are not necessarily disjoint. In fact, the nodes that
are simultaneously accessible by multiple caches can serve as
anchor for collaborative reconstruction. The size of cache c
(i.e., the maximum number of real-valued scalars that can be
stored in the cache) is denoted by Lc.

Specifically, by letting xi(t) be the observation made by
sensor i at time t, the observations that are to be stored in
cache c at time t can be represented by the |Nc| ×Wc matrix

Xc(t) ,

 xic,1(t−Wc + 1) · · · xic,1(t)
...

. . .
...

xic,|Nc|(t−Wc + 1) · · · xic,|Nc|(t)

 (1)

=
[
xc(t−Wc + 1), · · · ,xc(t)

]
(2)

=
[
xic,1(t), · · · ,xic,|Nc|(t)

]T
, (3)

where Wc is the number of most recent observations stored in
cache c, xc(t) , [xic,1(t), · · · , xic,|Nc|(t)]

T is the vector of
sensor observations gathered by cache c at time t, and xi(t) ,
[xi(t − Wc + 1), · · · , xi(t)]T is the vector of observations
made by sensor i ∈ Nc over time slots t−Wc + 1 to t.

Suppose that there exists sparsifying bases Ψc,S ∈
R|Nc|×|Nc| and Ψc,T ∈ RWc×Wc in the spatial and tem-
poral domains, respectively, such that xc(t) = Ψc,Sθc,S(t)
and xic(t) = Ψc,Tθic,T (t), for all t and for all ic ∈ Nc,
where θc,S(t) ∈ R|Nc| and θic,T (t) ∈ RWc are sparse vec-
tors. Then, by the theory of Kronecker compressive sensing
(KCS) [11] and by the derivations in [8], the spatial and
temporal sparsifying bases can be combined into a single
transformation matrix to obtain

xc,vec(t) = vec(Xc(t)) = Ψczc,vec(t), (4)

where zc(t) = vec(Θc,S(t)Ψ−Tc,T ) ∈ R|Nc|Wc with Θc,S(t) ,[
θc,S(t−Wc + 1), · · · ,θc,S(t)

]
and Ψc , Ψc,T ⊗Ψc,S ∈

R|Nc|Wc×|Nc|Wc is a Kronecker sparsifying basis [11].
To reduce communication and storage costs, we assume

that each cache, say cache c, only samples observations from
Mc(� |Nc|) randomly selected sensors in the set Nc at time
instant t. The set of sampled sensors is denoted byAc(t), and
the collected measurements can be written as

y
c
(t) = [yc,1(t) · · · yc,Mc

(t)]T = Φc(t)xc(t), (5)

where Φc(t) ∈ RMc×|Nc| is a sensor identity matrix with
each row being a canonical vector with only one entry equal
to 1 and all others equal to 0. The position of the 1 indicates
the sensor that is sampled. The measurements gathered by
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Fig. 1. Illustration of a multi-cache system with collaborative
reconstruction of sparse sensor signals.

cache c over the most recent Wc time slots are stored in the
cache at time t and can be stacked into the vector

yc,vec(t) , [yT
c

(t−Wc + 1), · · · ,yT
c

(t)]T (6)

= Φc(t)xc,vec(t), (7)

where Φc(t) = diag(Φc(t−Wc + 1), · · · ,Φc(t)) is a block
diagonal matrix. Since the cache size is Lc, the time window
Wc and the number of sampled measurements Mc must be
chosen such that McWc = Lc. Here, we assume that Mc is
fixed over time, but the members of the set may vary. More-
over, let Mtot = | ∪Cc=1 Ac(t)| be the total number of sensors
sampled at time t. Suppose that, at time t, cache c receives
demand for the stored sensor information. Then, in response
to the demand, the caches jointly exploit sparsity of the ob-
servations yc,vec(t), for all c, to perform collaborative recon-
struction of the sensor measurements xc,vec(t), for all c.

3. MULTI-CACHE COLLABORATIVE
RECONSTRUCTION VIA ADMM

In this section, we formulate and solve the collaborative re-
construction problem for the distributed caches in the net-
work. The key idea is to treat the sensors that are simulta-
neously accessible by different caches as anchor nodes to fur-
ther improve the reconstruction and then utilize the ADMM
algorithm to distribute the computation.

Following the iterative reweighted `1-minimization (IRW-
`1) problem [10], we formulate the collaborative reconstruc-
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tion problem as

min
{z̃c,vec}Cc=1

C∑
c=1

‖G(k)
c (t)z̃c,vec‖1 (8a)

subject to yc,vec(t) = Φc(t)Ψcz̃c,vec, ∀c (8b)
Υc′,cΨcz̃c,vec =Υc,c′Ψc′ z̃c′,vec, ∀c, c′, (8c)

where Υc,c′ = diag(Υc,c′ , . . . ,Υc,c′) ∈ R|Nc∩Nc′ |Wc×|Nc′ |Wc

is a block diagonal matrix with Υc,c′ ∈ R|Nc∩Nc′ |×|Nc′ | be-
ing a matrix of canonical row vectors with a 1 in each row
corresponding to a sensor in Nc′ that is simultaneously ac-
cessible by cache c. Notice that the sensors simultaneously
accessible by different caches are utilized as the anchor for
collaborative reconstruction. In the objective function of (8),
G

(k)
c (t) , diag(g

(k)
c,1 (t), . . . , g

(k)
c,|Nc|Wc

(t)) is a diagonal ma-
trix of positive weights utilized in iteration k. Suppose that
ẑ

(k)
c,vec(t) is the solution obtained in the k-th iteration. Then,

the weights are updated such that

g
(k+1)
c,i (t) =

(
|ẑ(k)
c,i,vec(t)|+ ε0

)−1

, (9)

for i = 1, . . . , |Nc|Wc, where ẑ
(k)
c,i,vec(t) is the i-th entry

of ẑ
(k)
c,vec(t). The IRW-`1 algorithm is terminated when the

weights converge or when the maximum number of iterations
kmax is reached. The solution to (8) is denoted by ẑc,vec(t),
for c = 1, . . . , C. Then, the reconstructed sensor observations
at cache c is x̂c,vec(t) = Ψcẑc,vec(t).

To enable distributed implementation of the reconstruc-
tion algorithm, we adopt the ADMM algorithm to decompose
the problem into subproblems that can be solved separately
by the local caches. For ease of description, we consider here
only the two-cache case, i.e., the case where C = 2. Exten-
sions to the general case with C > 2 can be done following
the consensus ADMM approach presented in [12].

Specifically, let us reformulate the two cache problem as
follows:

min
z̃1,vec,z̃2,vec

‖G(k)
1 (t)z̃1,vec‖1 + ‖G(k)

2 (t)z̃2,vec‖1 (10a)

subject toΦ1(t)Ψ1

0
Υ1,2Ψ1

z̃1,vec+

 0
Φ2(t)Ψ2

−Υ1,2Ψ2

z̃2,vec =

y1,vec(t)
y2,vec(t)

0

 .
(10b)

By letting

A ,

Φ1(t)Ψ1

0
Υ1,2Ψ1

 ,B ,

 0
Φ2(t)Ψ2

−Υ1,2Ψ2

 , c ,

y1,vec(t)
y2,vec(t)

0

 ,
(11)

the augmented Lagrangian of the problem can be written as

Lρ(z̃1,vec, z̃2,vec,λ)

=

2∑
c=1

‖G(k)
c (t)z̃c,vec‖1 + λT (Az̃1,vec + Bz̃2,vec − c)

+
ρ

2
‖Az̃1,vec + Bz̃2,vec − c‖22 (12)

= ‖G(k)
1 (t)z̃1,vec‖1 + ‖G(k)

2 (t)z̃2,vec‖1

+
ρ

2
‖Az̃1,vec + Bz̃2,vec − c + u‖22 −

ρ

2
‖u‖22 (13)

where u , (1/ρ)λ. The resulting ADMM updates are

z̃
(r+1)
1,vec := arg min

z̃1,vec

{
‖G(k)(t)1z̃1,vec‖1

+
ρ

2
‖Az̃1,vec + Bz̃

(r)
2,vec − c + u(r)‖22

}
(14a)

z̃
(r+1)
2,vec := arg min

z̃2,vec

{
‖G(k)

2 (t)z̃2,vec‖1

+
ρ

2
‖Az̃

(r+1)
1,vec + Bz̃2,vec − c + u(r)‖22

}
(14b)

u(r+1) :=u(r) + ρ
(
Az̃

(r+1)
1,vec + Bz̃

(r+1)
2,vec − c

)
, (14c)

where ρ > 0. The updates are performed until the primal
and the dual residuals, i.e., ‖Az̃

(r+1)
1,vec + Bz̃

(r+1)
2,vec − c‖22 and

‖z̃(r+1)
c,vec − z̃

(r)
c,vec‖22, converge to zero as r increases.

Notice that (14a) can be reformulated as

min
z̃1,vec,v1

1

2
‖Az̃1,vec − µ

(r)
1 ‖22 +

1

ρ
‖v1‖1 (15a)

subject to G
(k)
1 (t)z̃1,vec − v1 = 0, (15b)

where µ
(r)
1 , −Bz̃

(r)
2,vec + c− u(r). This problem can again

be solved using the ADMM algorithm by first taking the aug-
mented Lagrangian with regularization parameter ρ1 > 0
(similar to the role of ρ in (12)), and by following the closed-
form update equations given below:

z̃
(r+1,s+1)
1,vec :=

(
ATA + ρ1G

(k)
1 (t)TG

(k)
1 (t)

)−1[
ATµ

(r)
1

+ ρ1G
(k)
1 (t)T (v

(s)
1 − u

(s)
1 )
]

(16a)

v
(s+1)
1 := S(1/ρ)/ρ1(G

(k)
1 (t)z̃

(r+1,s+1)
1,vec + u

(s)
1 ) (16b)

u
(s+1)
1 := u

(s)
1 + G1(t)z̃

(r+1,s+1)
1,vec − v

(s+1)
1 , (16c)

where SM (a) , (a − M1)+ − (−a − M1)+ represents
element-wise soft-thresholding. The problem in (14b) can be
solved following a similar set of update equations as in (15).

4. SIMULATIONS

In this section, simulations are provided to demonstrate the
effectiveness of the proposed CS-based collaborative cache
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Fig. 2. Illustration of the sensor deployment with two caches
placed at positions (25, 30) and (75, 30), respectively.
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Fig. 3. Normalized MSE versus overlapping portion ∆ for
the case with Mtot = 10 and W1 = W2 = 8.

reconstruction method. The sensor data is generated follow-
ing the simulation settings in [8] with an average over 10 net-
work realizations. Specifically, in our experiments, N = 60
sensors are deployed over a 100× 60 rectangular region. The
field is divided into 10× 10 square regions and a sensor node
is deployed randomly according to the uniform distribution in
each square region. An illustration is given in Fig. 2. Here,
two caches are placed at positions (25, 30) and (75, 30), re-
spectively. Caches 1 and 2 are able to access sensors in the
left and right 1+∆

2 portions of the field. The coverage of the
two caches overlap over the middle ∆ portion of the field.
The Mtot sampled measurements are chosen proportionally
from the three (overlapping and non-overlapping) regions.

Each sensor observation is assumed to be an aggregate of
6 underlying Gaussian sources distributed randomly accord-

2 3 4 5 6 7 8 9 10

Window size

0

0.02

0.04

0.06

0.08

0.1

0.12

R
ec

o
v
er

y
 e

rr
o

r

Cache 1

Cache 2

Fig. 4. Normalized MSE versus window sizeW1 = W2 = W
for the case where Mtot = 10 and ∆ = 0.4.

ing to the uniform distribution throughout the field. Hence,
sensor i’s observation at time t can be written as xi(t) =∑6
s=1 e

−(di,s/η1)η2βs(t) where η1 is the correlation length,
η2 is the order used to control the smoothness of the random
field, di,s is the distance between sensor i and source s, and
βs(t) is the value of the s-th Gaussian source at time t. Here,
we set η1 = 100 and η2 = 2. Moreover, to incorporate tempo-
ral correlation, we assume that βs , (βs(1), . . . , βs(T ))T =
λs + πs, where the first term has continuous-valued entries
that are generated by filtered Gauss-Markov processes, and
the second term has discrete-valued entries obtained from a
finite-state Markov chain. We refer the readers to [8] for
further details on the sensor data generation. However, dif-
ferent from [8], we further truncate the vector zc,vec(t) =
Ψ−1
c xc,vec(t) so that it only preserves the 8 largest entries.

These entries contain over 99% of the total signal power.
In Fig. 3, we plot the normalized mean-square error

(MSE) of the reconstructed sensor data within each cache’s
coverage versus the overlapping portion ∆. We compare
between the proposed ADMM method and the centralized
reconstruction where the data from both caches are available.
Here, ADMM is run for at least 100 iterations to guaran-
tee good convergence. We can see that the recovery error
decreases as the overlapping region increases since more
sensors are available in the overlapping region to serve as
anchor nodes to strenghten the dependency between the re-
construction at the two caches. In fact, as the overlapping
region increases, the performance gradually converges to that
of centralized reconstruction.

In Fig. 4, we show the normalized MSE versus the win-
dow size W1 = W2 = W for the case where Mtot = 10.
We can see that the normalized MSE decreases as the win-
dow size increases since, in this case, more observations are
available in the cache to perform the reconstruction.
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