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A Dynamic Bayesian Nonparametric Model for
Blind Calibration of Sensor Networks

Jielong Yang, Student Member, IEEE, Xionghu Zhong, Member, IEEE, and Wee Peng Tay, Senior Member, IEEE

Abstract—We consider the problem of blind calibration of a
sensor network where the sensor gains and offsets are estimated
from noisy observations of unknown signals. This is in general
a non-identifiable problem, unless restrictive assumptions on the
signal subspace or sensor observations are imposed. We show that
if each signal observed by the sensors follows a known dynamic
model with additive noise, then the sensor gains and offsets
are identifiable. We propose a dynamic Bayesian nonparametric
model to infer the sensors’ gains and offsets. Our model allows
different sensor clusters to observe different unknown signals,
without knowing the sensor clusters a priori. We develop an
offline algorithm using block Gibbs sampling and a linearized
forward filtering backward sampling method that estimates
the sensor clusters, gains and offsets jointly. Furthermore, for
practical implementation, we also propose an online inference al-
gorithm based on particle filtering and local Markov chain Monte
Carlo. Simulations using a synthetic dataset, and experiments on
two real datasets suggest that our proposed methods perform
better than several other blind calibration methods, including a
sparse Bayesian learning approach, and methods that first cluster
the sensor observations and then estimate the gains and offsets.

Index Terms—Blind calibration, sensor network, dynamic
Bayesian nonparametrics

I. INTRODUCTION

Because of differences in the materials and electrical com-
ponents that make up a sensor and other environmental
factors, each sensor has a gain and offset that need to be
estimated or calibrated before its observations can be inter-
preted meaningfully [1], [2]. For example, in using sensors to
perform monitoring of a physical phenomenon, modeling of
the distributions governing the sensor observations is required
in various distributed inference methods [3], [4]. A sensor
can be calibrated in a controlled environment by utilizing
its observations of a known signal to estimate its gain and
offset. However, this is a painstaking task, which may be
impractical if the sensor network is large, and sensors may be
placed in inaccessible locations. Macro calibration has thus
been proposed to calibrate an entire sensor network based
on observations from all sensors in the network [5], [6].
Furthermore, the calibration is done without first observing
the underlying signals that the sensors are observing. This is
known as blind calibration [1], [7]. Since without knowing
the sensors’ observed signals, the sensor gains and offsets are
non-identifiable if estimation is to be done solely based on the
sensors’ noisy observations. As such, additional assumptions
are required.
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In [1], a blind calibration method is proposed based on
the assumptions that the underlying signals observed by all
sensors are deterministic and lie in a known subspace, and
the time-averaged measurements of every sensor approaches
a known mean value. Subsequently, principal component
analysis (PCA) is introduced to learn such a subspace, and
a sparse Bayesian learning (SBL) method [7] and Kalman
filter [8] are developed to recover the observation drifts of
a subset of sensors. However, a calibration step in which
the gains are assumed to be known a priori is required, and
sensors not in the estimation subset are assumed to have no
drifts. The paper [9] proposes a distributed blind calibration
algorithm and assumes that all the sensors observe the same
stochastic underlying signal. In some applications in which
sensors observe multiple signals, the aforementioned approach
cannot be applied if we do not know a priori which sensor
is observing which signal. In [10], [11], blind calibration
methods are based on redundancy information provided by
co-located sensors, which are classified into a group and
assumed to have correlated measurements. Both of these two
methods assume that sensors are densely deployed. In [12], an
informed nonnegative matrix factorization method is proposed
based on the assumption that the sensed physical phenomenon
can be sparsely represented in a given dictionary, which can
be used to regularize the calibration even if the sensors are
not densely deployed. However, evolution of the underlying
signals observed by the sensors is not considered.

The compressive sensing (CS) framework has also been
adopted to jointly recover the sensor gains and signals. In the
compressive sensing framework, it is commonly assumed that
the signal is projected by a known measurement matrix and
then distorted by unknown gains [13], [14] or some transfer
function with unknown distortion parameters [15]. In [13] and
[14], the blind calibration problem is formulated as a convex
optimization problem. In [15], the sensors distort the ground
truth signals in other ways than multiplication by a gain and a
approximate message passing (AMP) algorithm used in CS is
adopted to solve the blind calibration problem. However, these
methods do not consider the evolution of the sensor signals.

In this paper, we consider blind calibration when sensors
may observe different signals, and the number of the under-
lying time-varying signals as well as the signals themselves
are unknown. We say that two sensors are in the same cluster
if they observe the same underlying signal, and we assume
that each underlying signal follows a known dynamic model
with additive noise. Unlike [1], [10], [11], we do not require
sensors to be densely deployed or to know the time-averaged
measurements of each sensor. Our main contributions are as
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follows:

• We prove sufficient conditions for identifiability of sensor
gains and offsets when each ground truth signal follows
a known dynamic model with additive noise.

• We propose a dynamic Bayesian nonparametric model
to model the number of underlying signals as well as
the evolution of each signal. At each time t, the sensor
observations follow a Bayesian nonparametric model, and
the model at time t depends on the model at time t− 1.
To the best of our knowledge, the use of a dependent
Bayesian nonparametric model for sensor network blind
calibration is novel. We develop both online and offline
inference algorithms to estimate the sensor parameters.
The offline inference approach is a linearized forward
filtering backward sampling based block Gibbs sampling
method. The online algorithm uses particle filter (PF) [16]
and local Markov chain Monte Carlo (MCMC), which
updates the posterior distribution of the sensor gains and
offsets sequentially as the data become available. The
computational complexities of both our proposed offline
and online algorithms are analyzed.

• We perform simulations as well as experiments on real
data, which suggest that our proposed methods perform
better than several other methods including the sparse
Bayesian learning approach of [7], and methods that first
cluster the sensor observations, and then estimate the
gains and offsets.

Sensor clustering has been widely assumed in the calibra-
tion literature [6], [10], [17]–[21]. Nonparametric Bayesian
methods have also been applied when the number of clusters
is unknown [22]. We refer the readers to [23]–[25] and the
references therein for an overview.

A preliminary version of this paper has been presented
in our conference paper [26]. Three new developments are
included in this paper: (i) we extend our identifiability analysis
to include nonlinear dynamic models; (ii) we develop an
online inference algorithm; and (iii) real data experiments are
performed.

The rest of this paper is organized as follows. In Section II,
we present our problem formulation and sufficient conditions
under which the sensor gains and offsets are identifiable. In
Section III, we propose a dynamic Bayesian nonparametric
model for blind calibration. In Section IV and Section V,
we develop offline and online inference methods, respectively.
Simulation and experimental results are presented in Section
VI, and we conclude in Section VII.

Notations. We use boldfaced characters to represent vectors
and matrices. We use N (µ,Σ) to represent the Gaussian
distribution with mean µ and covariance matrix Σ. We
use T N (µ,Σ) to represent a Gaussian distribution whose
realized values are truncated to be non-negative, and the
parameters µ and Σ are the mean and covariance of the
Gaussian distribution before truncation. The notation y | x
denotes a random variable y conditioned on x, and p(y | x)
denotes its conditional probability density function. The se-
quence y(1), y(2), . . . , y(t) is written as y(1 : t). Suppose
f(θ) = [f1(θ), . . . , fm(θ)], where each f i(θ) is a multi-

variate function of θ. We use Df(·) to denote the Jacobian
[∇f1(θ), . . . ,∇fm(θ)] of f(θ).

II. PROBLEM FORMULATION AND IDENTIFIABILITY

In this section, we present our system model and as-
sumptions, and show that the sensor gains and offsets are
identifiable under our assumptions.

Consider N sensors monitoring an unknown number of
signals {θk(t) : k ≥ 1} over a period of time t = 1, 2, . . . , T .
At each time t, sensor n observes

yn(t) = αnθsn(t)(t) + βn + wn(t), (1)

where αn > 0 and βn are the gain and the offset of the
sensor n, respectively, sn(t) is the index of the signal that
sensor n is observing at time t, and wn(t) is an additive zero
mean observation noise with covariance matrix Rn(t). The
observation noises wn(t) are independent across sensors and
time. Our objective is to estimate αn and βn without knowing
θsn(t)(t) a priori. This is in principle a non-identifiable estima-
tion problem since αnθsn(t)(t) = (cαn)(θsn(t)(t)/c) for any
constant c 6= 0. Therefore, assumptions on the structure of the
sensor signals are required. For example, in [1], the signals
are assumed to belong to a known signal subspace and do
not evolve over time. In the following, we consider instead a
time-varying sensor signal, and provide a sufficient condition
for identifiability of the sensor gains and offsets. We assume
that for each signal index k, and for all t ≥ 1,

θk(t) = fk(θk(t− 1)) + εk(t), (2)

where the function fk(·) characterizing the signal’s evolution
is known, εk(t) is additive noise with positive definite covari-
ance matrix Qk(t), and θk(0) is a random variable with mean
Mk(0). In practice, based on domain expertise, we may know
a priori a collection of possible signal models that the sensors
can observe. Alternatively, we may have high quality sensors
with known drifts and offsets that can be used to characterize
the signal models. Such sensors are usually expensive, and can
only be deployed sparsely.

Proposition 1. Suppose (1) and (2) hold for all k ≥ 1 and
t ≥ 1. For each n ≥ 1, suppose for some t ≥ 1 and some
k ≥ 1, we have sn(t′) = k for t− 1 ≤ t′ ≤ t+ 1 . Then, the
parameters (αn,βn) are identifiable.

Proof: Suppose that αn is not identifiable. Then at time
t, there exist different parameters (αn, βn) and (α′n, β

′
n)

inducing the same linear least squares (LLS) predictor of
yn(t) | yn(t − 1). Let Φk(t) and Φ′k(t) be the covariance
matrix of the LLS estimator of θk(t) | yn(t − 1 : t) when
the sensor parameters are (αn,βn) and (α′n,β

′
n), respectively.

Let Cn(t) be the covariance matrix of the LLS predictor of
yn(t) | yn(t − 1). Let Ak(t − 1) , Dfk(θk(t − 1)). Then
from equations (18.86)–(18.92) of [27], we have

Cn(t)

= α2
n(Ak(t− 1)Φk(t− 1)Ak(t− 1)T + Qk(t)) + Rn(t)

(3)

= (α′n)2(Ak(t− 1)Φ′k(t− 1)Ak(t− 1)T + Qk(t)) + Rn(t).
(4)
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For simplicity, denote Λ(t) = Ak(t−1)Φk(t−1)Ak(t−1)T +
Qk(t) and Λ′(t) = Ak(t− 1)Φ′k(t− 1)Ak(t− 1)T + Qk(t).
From (3) and (4), we have

Λ(t) =
(α′n)2

α2
n

Λ′(t). (5)

From [27], the covariance matrix of the LLS estimator of
θk(t) | yn(t− 1 : t) is

Φk(t) = Λ(t)− α2
nΛ(t)[α2

nΛ(t) + Rn(t)T ]−1Λ(t).

Similar to (3) and (4), the covariance matrix of the LLS
predictor at time t+ 1 with sensor gain αn is

Cn(t+ 1)

= α2
n(Ak(t)Φk(t)Ak(t)T + Qk(t+ 1)) + Rn(t+ 1)

= α2
n[Ak(t)

(
Λ(t)− α2

nΛ(t)[α2
nΛ(t) + Rn(t)T ]−1Λ(t)

)
·Ak(t)T ] + α2

nQk(t+ 1) + Rn(t+ 1)

= α2
nAk(t)Λ(t)Ak(t)T

− α4
nAk(t)Λ(t)[α2

nΛ(t) + Rn(t)T ]−1Λ(t)Ak(t)T

+ α2
nQk(t+ 1) + Rn(t+ 1)

= (α′n)2Ak(t)Λ′(t)Ak(t)T

− (α′n)4Ak(t)Λ′(t)[(α′n)2Λ′(t) + Rn(t)T ]−1Λ′(t)Ak(t)T

+ (αn)2Qk(t+ 1) + Rn(t+ 1), (6)

where the fourth equality follows from (5). Similarly, when
the sensor gain is α′n, we have

Cn(t+ 1)

= (α′n)2Ak(t)Λ′(t)Ak(t)T

− (α′n)4Ak(t)Λ′(t)[(α′n)2Λ′(t) + Rn(t)T ]−1Λ′(t)Ak(t)T

+ (α′n)2Qk(t+ 1) + Rn(t+ 1). (7)

Equating (6) and (7), since both αn, α
′
n 6= 0, we have αn =

α′n. Hence αn is identifiable.
If the sensor parameters are (αn,βn), the mean of the LLS

predictor of yn(1) is αnfk(Msn(1)(0)) + βn, whereas the
mean is α′nfk(Msn(1)(0)) + β′n if the sensor parameters are
(α′n,β

′
n). Since αn = α′n, we obtain βn = β′n. The proof is

now complete.
Proposition 1 shows that although sensors can switch clus-

ters across time, we require that each sensor monitors a
particular signal for at least 3 sampling time intervals. In
practice, this requirement is easily satisfied since sampling
intervals are typically very short. In our model, we will
introduce a parameter to model the ‘stickiness’ of the sensor
signals.

A similar identifiability problem is discussed in [28]–[30],
where the evolution model is assumed to be linear but un-
known. However, a specific canonical form is assumed.

III. DYNAMIC BAYESIAN NONPARAMETRIC MODEL

In this section, we propose a dynamic Bayesian nonpara-
metric model to model the blind calibration problem described
in (1) and (2). In the rest of this paper, we assume that the
observation noise wn(t) in (1) and the process noise εk(t) in
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Fig. 1. Graphical representation of the dynamic Bayesian nonparametric
model for our blind calibration problem.

(2) are Gaussian distributed with zero mean and known covari-
ance matrices Rn(t) and Qk(t), respectively. Fig. 1 shows the
graphical representation of our model. We let α = (αn)Nn=1,
β = (βn)Nn=1, θ(t) = (θk(t))∞k=1, s(t) = (sn(t))Nn=1,
y(t) = (yn(t))Nn=1, and R(t) = (Rn(t))Nn=1.

The priors of αn and βn are

αn ∼ T N (µ1,n, Σ1,n), βn ∼ N (µ2,n, Σ2,n), (8)

where µ1,n, σ1,n,µ2,n,σ
2
2,n are known hyper-parameters. In

this work, we assume the gains are positive and follow a
truncated Gaussian distribution T N (µ1,n, Σ1,n) [31], where
µ1,n and Σ1,n are the mean and variance of the Gaussian
distribution before truncation. We note that Gaussian priors
for the gains and offset are widely used in the literature of
sensor calibration problem; see [10], [32], [33]. The signal
θk(0) is also assumed to be Gaussian distributed with mean
Mk(0) and covariance Vk(0).

At each time t, sensor observations due to the same signal
θk(t) can be clustered into the same group. Let sn(t) = k
indicate that the n-th sensor observation is in the k-th cluster,
and πn,k(t) be the probability of sn(t) = k, i.e.,

sn(t) | π(t) ∼ πn(t), (9)

where πn(t) = (πn,k(t))k≥1. We let πn(t) be generated
according to a Dirichlet Process, i.e., πn(t) ∼ GEM(γ), where
GEM stands for the Griffiths, Engen and McCloskey stick-
breaking process and γ is a concentration hyperparameter [24].
However, sampling πn(t) is difficult as πn(t) has infinite
dimension. Following [34], [35], we approximate the Dirichlet
process with its K-degree weak limit given by

πn(t) ∼ Dir (γ/K, ..., γ/K) , (10)

where Dir (·) is the Dirichlet distribution.
As shown in Proposition 1, a certain ’stickiness’ in the signal

index is required for identifiability. In practice, the sensors tend
to monitor the same signal over a period of time. We introduce
a parameter κ in the Dirichlet distribution such that an amount
of ‘stickiness’ can be preserved between s(t−1) and s(t). We
use the following model:

πn(t) | sn(t− 1), γ, κ ∼ Dir (p1(t), . . . , pK(t)) , (11)



4

where

pk(t) =

{
γ/K + κ if sn(t− 1) = k,
γ/K otherwise,

for all k ∈ {1, 2, ...,K}. Note that κ is a parameter that
controls the probability of a sensor changing to a different
cluster at time t. The larger the κ, the less likely a sensor
switches its cluster.

In summary, for any time step t ≥ 1, our generative model
can be summarized as follows:

sn(t) | π(t) ∼ πn(t), (12)
πn(t) | sn(t− 1), γ, κ ∼ Dir (p1(t), . . . , pK(t)) , (13)
θk(t) | θk(t− 1) ∼ N (fk(θk(t− 1)), Qk(t)), (14)
yn(t) | θk(t), sn(t) = k, αn,βn ∼ N (αnθk(t) + βn, Rn(t)).

(15)

IV. OFFLINE INFERENCE ALGORITHM

In this section, we present an offline inference algorithm
for the Bayesian nonparametric model in Section III. As
closed-form solutions for the posterior distributions of some
of the latent variables and parameters are not readily available,
we adopt a block Gibbs sampling method, which uses a
number of samples to approximate the distributions of the
parameters θ,α,β. Conditioning on these parameters, an
MCMC inference method based on forward filtering backward
sampling (MCMC-FFBS) is applied to estimate the signal pa-
rameters. The top-level implementation of the offline inference
algorithm for the i-th iteration is given in Algorithm 1, where
we use the superscript i to indicate that a quantity is the sample
from the i-th iteration. Algorithm 1 is then repeated for a
sufficiently large number of iterations to achieve good mixing
[23]. The detailed procedure for drawing samples are discussed
in next subsections.

Algorithm 1 MCMC-FFBS (i-th iteration)
Input: αi−1, βi−1,θi−1,πi−1, si−1 from i − 1-th iteration

and data y = (y(t))Tt=1.
Output: new set of samples: αi, βi,θi,πi,si

for t = 1 to T do
Sample si(t) using (16) and πi(t) using (17).

end for
Block sample θi(1 : T ) using (18).
Sample αi using (22).
Sample βi using (23).
return αi, βi,θi,πi and si.

A. Sampling πi(t) and si(t)

At the i-th iteration, we sample sn(t) using the following
posterior distribution:

p (sn(t) = k | yn(t),πn(t),πn(t+ 1),θk(t), αn,βn)

∝ p(sn(t) = k | πn(t))p(πn(t+ 1) | sn(t))

· p(yn(t) | sn(t) = k,θ(t), αn,βn)

= πn,k(t)p(πn(t+ 1) | sn(t))p(yn(t) | θk(t), αn,βn),

(16)

where πn(t), πn(t + 1), θk(t), αn and βn are set to their
respective sample values at the (i − 1)-th iteration, and
p(yn(t) | θk(t), αn,βn) and p(πn(t+1) | sn(t)) are obtained
from (1) and (11) respectively.

Let ln,k(t) ,
∑N

n=1 δ(sn(t)−k) with δ(·) representing the
Dirac delta function. Because the Dirichlet distribution prior
of πn(t) (11) is conjugate to the categorical distribution like-
lihood (9), the posterior distribution is a Dirichlet distribution
with updated parameters:

πn(t) | s(t), sn(t− 1), γ, κ ∼ Dir (p′1(t), . . . , p′K(t)) , (17)

where

p′k(t) =

{
γ/K + ln,k(t) + κ if sn(t− 1) = k,
γ/K + ln,k(t) otherwise.

We then sample πn(t) according to (17). It can be observed
from (17) that the mixture weight is determined by the
Dirichlet concentration parameter γ, the stickiness parameter
κ, and the sensor association to each cluster.

B. Sampling θi(1 : T )

We sample θi(1 : T ) using the forward filtering backward
sampling method. Let y|k(t) , {yn(t) : sn(t) = k}, α|k(t) ,
{αn(t) : sn(t) = k}, β|k(t) , {βn(t) : sn(t) = k}, R|k(t) ,
diag({Rn(t) : sn(t) = k}), and ψ|k , {ψ|k(t)}Tt=1 where
ψ|k(t) , {α|k(t),β|k(t), εk,R|k(t),Ak(t)}, and

Vk(t) =
(
α|k(t)TR|k(t)−1α|k(t) + bk(t)−1

)−1
,

Mk(t) = Vk(t)
(
−α|k(t)TR|k(t)−1β|k(t)

+α|k(t)TR|k(t)−1y|k(t) + ak(t)bk(t)
−1
)
,

ak(t) = fk(Mk(t− 1)),

bk(t) = Ak(t− 1)Vk(t− 1)Ak(t− 1)T + Qk(t− 1),

Ak(t) = Dfk(Mk(t− 1)).

Set α|k(t) and β|k(t) to their respective sample values from
the (i− 1)-th iteration. Then,

p(θk(1 : T ) | y|k(1 : T ),ψ|k)

= p(θk(T ) | y|k(1 : T ),ψ|k)

·
T−1∏
t=1

p(θk(t) | θk(t+ 1),y|k(1 : t),ψ|k), (18)

where

p(θk(t) | θk(t+ 1),y|k(1 : t),ψ|k)

∝ p(θk(t+ 1) | θk(t),ψ|k)p(θk(t) | y|k(1 : t),ψ|k). (19)

To sample from (18), we need to first obtain p(θk(t) |
y|k(1 : t),ψ|k), where t ∈ {1, 2, ..., T}. Adopting the ex-
tended Kalman filter approach [27], we approximate

θk(t) | y|k(1 : t),ψ|k ∼ N (Mk(t), Vk(t)), (20)

Using (20) with t replaced by T , we can obtain p(θk(T ) |
y|k(1 : T ),ψ|k), from which θk(T ) can be sampled.
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From (19), (20), and the conjugacy of the Gaussian prior,
we have

p(θk(t) | θk(t+ 1),y|k(1 : t),ψ|k) ∼ N (hk(t), Hk(t)),
(21)

where

Bk(t) = Vk(t)Ak(t)(bk(t+ 1))−1,

Hk(t) = Vk(t)−Bk(t)bk(t+ 1)Bk(t)T ,

hk(t) = Mk(t) + Bk(t)(θk(t+ 1)− ak(t+ 1)).

Hence, conditioned on the sample for θk(t+ 1), θk(t) can be
sampled according to (21), starting from t = T − 1.

C. Sampling αi and βi

Let φn(t) , θsn(t)(t). The posterior distribution of αn is
given by

p(αn | βn,yn(1 : T ),φn(1 : T ),Rn(t))

∝p(yn(1 : T ) | αn,βn,φn(1 : T ),Rn(t))p(αn)

=

T∏
t=1

p(yn(t) | αn,βn,φn(t),Rn(t))p(αn).

where β is set to their respective sample values from the
(i− 1)-th iteration. From (1) and (8), we obtain the following
distribution:

αn | βn,yn(1 : T ),φn(1 : T ),Rn(t) ∼ T N (mn, vn),
(22)

where

vn =

[
T∑

t=1

φn(t)
T
Rn(t)

−1
φn(t) +

1

Σ1,n

]−1
,

mn = vn

[
T∑

t=1

yn(t)TRn(t)
−1
φn(t) +

µ1,n

Σ1,n

−
T∑

t=1

βT
n Rn(t)

−1
φn(t)

]
.

Similarly,

βn | αn,yn(1 : T ),φn(1 : T ),Rn(t) ∼ N (Tn, Gn), (23)

where

Gn =

[
T∑

t=1

Rn(t)
−1

+ Σ2,n
−1

]−1
,

Tn = Gn

[
T∑

t=1

yn(t)
T
Rn(t)

−1
+ µT

2,nΣ2,n
−1

−
T∑

t=1

αnφn(t)TRn(t)
−1

]
.

V. ONLINE INFERENCE ALGORITHM

In this section, we develop an online inference algorithm
that allows us to perform sequential inference as more sensor
observations become available. We then discuss the advantages
and disadvantages of the online inference approach versus the
offline approach in Section IV.

Since our model is nonlinear with respect to all the variables
we need to infer, we can not apply Kalman filter directly
to perform online inference. Instead, we use the particle fil-
ter (PF) and local MCMC (PF-MCMC) approach. The PF uses
point mass to approximate the probability distribution of the
states and updates the target distributions sequentially. MCMC
is then used to draw samples from the target joint distribution.
Compared with the aforementioned MCMC-FFBS method,
we need much less iterations to draw samples from target
distribution, which is important for online data processing.
Our proposed approach is summarized in Algorithm 2. The
subscript l refers to the l-th particle, while the superscript i
refers to the i-th iteration in the MCMC step. We provide the
detailed descriptions in the following subsections.

Algorithm 2 PF-MCMC (Time instant t)
Input: Observation at time t, y(t); and L particles obtained

at time t− 1, {sl(t− 1),θl(t− 1),αl,βl,πl(t− 1)}Ll=1.
Output: New particles at t, {sl(t),θl(t),αl,βl,πl(t)}Ll=1.

for l = 1 : L do
Sample πl(t) from p(πl(t) | sl(t− 1)), see (27).
for i = 1 : I do

Sample sil(t) from
p(sil(t) | α

i−1
l ,βi−1

l ,θl(t− 1),y(t),πl(t)), see (29),
Sample θil(t) from
p(θil(t) | α

i−1
l ,βi−1

l ,θl(t− 1),y(t), sil(t)), see (30).
Sample αi

l and βi
l from (24) and (25).

end for
Update weight, see (31) for details.

end for
Calculate effective sample size Neff =

1∑L
l=1(wl(t))2

.

if Neff < 0.6L then
Resample particles using a multinomial
sampling procedure. (cf. Section V-B) to obtain
{sl(t),θl(t),αl,βl,πl(t)}Ll=1

else
Set

{sl(t),θl(t),αl,βl,πl(t)}Ll=1

= {sIl (t),θIl (t), αI
l , β

I
l ,π

I
l (t)}Ll=1

end if

A. Particle sampling

We use Gibbs sampling to sample particles. The posterior
distribution of αl and βl can be sampled directly in a sequen-
tial way. The posterior distribution of (θl(t), sl(t),πl(t)) is
approximated by a proposal distribution, from which we draw
samples.
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1) Sampling αl and βl: αl is sampled from the following
distribution:

p(αl | βl,y(1 : t), sl(1 : t),θl(1 : t))

∝ p(y(1 : t) | αl,βl, sl(1 : t),θl(1 : t))p(αl)

=

t∏
t=1

p(y(t) | αl,βl, sl(t),θl(t))p(αl)

= p(y(t) | αl,βl, sl(t),θl(t))

·
t−1∏
t=1

p(y(t) | αl,βl, sl(t),θl(t))p(αl)

∝ p(y(t) | αl,βl, sl(t),θl(t))

· p(αl | βl,y(1 : t− 1), sl(1 : t− 1),θl(1 : t− 1)). (24)

The first term in the product in (24) comes from (15). Equation
(24) thus provides a sequential scheme to update the posterior
distribution p(αl | βl,y(1 : t), sl(1 : t),θl(1 : t)), where at
time t = 1, we set p(αl | βl,y(1), sl(1),θl(1)) ∝ p(y(1) |
αl,βl, sl(1),θl(1))p(αl).

Similarly, we sample β from the following distribution

p(βl | αl,y(1 : t), sl(1 : t),θl(1 : t))

∝ p(y(t) | αl,βl, sl(t),θl(t))

· p(βl | αl,y(1 : t− 1), sl(1 : t− 1),θl(1 : t− 1)).

(25)

2) Sampling θl(t), sl(t), and πl(t): The posterior distri-
bution of (θl(t), sl(t),πl(t)) can not be directly sampled in
a sequential way, but it can be approximated by a proposal
distribution that can be sampled sequentially. The proposal dis-
tribution q is the probability of assignments sl(t), parameters
θl(t), and component weight θl(t) given previous assignments
sl(t − 1), parameters θl(t − 1), gains αl, offsets βl and
observations y(t), where

q(θl(t), sl(t),πl(t) | αl,βl,θl(t− 1), sl(t− 1),y(t))

= q(θl(t), sl(t) | αl,βl,θl(t− 1),y(t),πl(t))

· q(πl(t) | αl,βl, sl(t− 1),y(t)).

The particle filter method provides some choices of proposal
distribution [16]. Here we choose the posterior distribution of
(θl(t), sl(t)) as their proposal distribution, with

q(θl(t), sl(t) | αl,βl,θl(t− 1),y(t),πl(t))

, p(θl(t), sl(t) | αl,βl,θl(t− 1),y(t),πl(t)), (26)

and choose the prior distribution of πl(t) as its proposal
distribution, i.e.,

q(πl(t) | αl,βl, sl(t− 1),y(t)) , p(πl(t) | sl(t− 1)). (27)

Then we can sample πl(t) from p(πl(t) | sl(t−1)) and sample
θl(t), sl(t) from

(28)
p(θl(t), sl(t) | αl,βl,θl(t− 1),y(t),πl(t))

= p(θl(t) | αl,βl,θl(t− 1),y(t), sl(t))

· p(sl(t) | αl,βl,θl(t− 1),y(t),πl(t)),

where
p(sl(t) | αl,βl,θl(t− 1),y(t),πl(t))

∝ p(sl(t) | πl(t))p(y(t) | αl,βl,θl(t− 1), sl(t))

= p(sl(t) | πl(t))

·
∫
p(y(t) | sl(t),θl(t),αl,βl)p(θl(t)|θl(t− 1))dθl(t),

(29)

and

p(θl(t) | αl,βl,θl(t− 1),y(t), sl(t))

∝ p(θl(t) | θl(t− 1))p(y(t) | αl,βl, sl(t),θl(t)). (30)

B. Particle weights

A common problem of particle filtering is the degener-
acy phenomenon, where all but one particle have negligible
weights after a few iterations. In order to eliminate this prob-
lem, we resample by deleting particles having small weights.
In our model, the weight of particle l is defined as:

wl(t)

=
p(θl(1 : t), sl(1 : t),αl,βl,πl(1 : t),y(1 : t))

q(θl(1 : t), sl(1 : t),αl,βl,πl(1 : t)|y(1 : t))

= wl(t− 1)
p(θl(t), sl(t),y(t),πl(t) | θl(t− 1), sl(t− 1),αl,βl)

q(θl(t), sl(t),πl(t)|αl,βl,θl(t− 1), sl(t− 1),y(t))

= wl(t− 1)
p(θl(t), sl(t),y(t) | θl(t− 1),αl,βl,πl(t))

q(θl(t), sl(t) | αl,βl,θl(t− 1),y(t),πl(t))

· p(πl(t) | sl(t− 1))

q(πl(t) | αl,βl, sl(t− 1),y(t))

= wl(t− 1)
p(θl(t), sl(t),y(t) | θl(t− 1),αl,βl,πl(t))

p(θl(t), sl(t) | αl,βl,θl(t− 1),y(t),πl(t))
.

The last equality follows from (26) and (27). Furthermore, we
have

p(θl(t), sl(t),y(t) | θl(t− 1),αl,βl,πl(t))

p(θl(t), sl(t) | θl(t− 1),αl,βl,πl(t),y(t))

=
p(y(t) | θl(t), sl(t),αl,βl)

p(θl(t) | αl,βl,θl(t− 1), sl(t),y(t))

· p(θl(t), sl(t) | θl(t− 1),αl,βl,πl(t))

p(sl(t) | θl(t− 1),αl,βl,πl(t),y(t))

=
p(y(t) | θl(t), sl(t),αl,βl)

p(θl(t) | αl,βl,θl(t− 1), sl(t),y(t))

· p(θl(t) | θl(t− 1))p(sl(t) | πl(t))

p(sl(t) | θl(t− 1),αl,βl,πl(t),y(t))
. (31)

The terms in the numerator p(y(t) | θl(t), sl(t),αl,βl),
p(θl(t) | θl(t − 1)) and, p(sl(t) | πl(t)) are respectively the
output distribution obtained from (1), the transition distribution
obtained from (2), and the prior of cluster index (9). The terms
in the denominator p(θl(t) | αl,βl,θl(t− 1), sl(t),y(t)) and
p(sl(t) | θl(t − 1),αl,βl,πl(t),y(t)) can be obtained from
(30) and (29), respectively.

After the particle weights are computed, we normalize
each weight to obtain the normalized weight w̃l(t) =
wl(t)/

∑
k wk(t) for particle l. Then, we resample by drawing

L particles using the multinomial distribution with weights
(w̃l(t))

L
l=1 [36].
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C. Comparison with offline inference method

As both PF-MCMC and MCMC-FFBS are sampling based
inference methods, computing the posterior distributions at
each step dominates the time complexity of the procedure.
Consider a sensor network with K clusters and N sensors.
Suppose we perform our online PF-MCMC method in Algo-
rithm 2 using L particles and I local Gibbs sampling iterations
over T observation time instances. The number of posterior
distribution calculation of each local Gibbs iteration and each
particle weight computation are of order NK +K + 2N and
NK+2N , respectively. The complexity of PF-MCMC is thus
O(TLI(2NK +K + 4N)) = O(LITNK).1

For the offline MCMC-FFBS method, the number of op-
erations incurred to compute the posterior distributions for
sampling α,β,θ,π, and s in each iteration are of order
N,N, TK, TK, and TNK, respectively. Thus, the complexity
for each iteration is O(TNK+TK+TK+2N) = O(TNK),
and with I ′ iterations of Gibbs sampling, the overall complex-
ity of MCMC-FFBS is O(I ′TNK)). We see that the time
complexity of MCMC-FFBS and PF-MCMC are related to
the number of particles and number of iterations in the Gibbs
sampling procedure.

The main advantage of the online PF-MCMC method is that
data can be processed sequentially and parameter estimates can
be updated in real time as more observations become available.
Furthermore, we do not need to store the observation data over
T time instances, which is required for the offline MCMC-
FFBS method. However, these advantages are achieved at
the cost of estimation accuracy. The offline Gibbs sampling
method in MCMC-FFBS collects all the data and estimate
the ground truth signal with both filtering and smoothing. By
conditioning on both past and future data, the variances of the
smoothed estimates are reduced [27].

VI. SIMULATION AND EXPERIMENT RESULTS

In this section, we present simulations and real data ex-
periments to evaluate our proposed offline MCMC-FFBS and
online PF-MCMC methods. To the best of our knowledge,
there are no other existing blind calibration algorithms for
our considered setting, where different sensors may switch
signals across time, and the signals are time-varying. There-
fore, for comparison, we adapt some state-of-the-art signal
clustering methods to first perform sensor clustering, and
then use MCMC to estimate gains and offsets. As a baseline
comparison, we also compare against the case where the
sensor clusters are known, which is expected to give the
best performance. We conducted 100 simulations for all the
methods and the average square error (ASE) is used to measure
the accuracy. The ASE is defined as the square deviation of
an estimated parameter from its true value, averaged over all
the sensors.

A. Sensors remain in same clusters

We consider the case where each sensor observes the same
signal over all time instances, i.e., the sensors do not switch

1We say that f(n) = O(g(n)) if lim supn→∞ f(n)/g(n) <∞.

to different clusters. We simulate N = 40 sensors observing
4 signals. At t = 0, the signals are chosen to be θ1(0) ∼
N (30, 1), θ2(0) ∼ N (20, 1), θ3(0) ∼ N (10, 1) and
θ4(0) ∼ N (−10, 1). The observation time period is T = 40.
We use the following model to generate the simulation data:

αn ∼ T N
(
1, σ2

1

)
, βn ∼ N

(
0, σ2

2

)
,

yn(t) = αnθsn(t)(t) + βn + ωn(t),

ωn(t) ∼ N (0, Rn(t)), Rn(t) ∼ N (0.3, 0.1),

θk(t) | θk(t− 1) ∼ N (ak sin(θk(t− 1)) + θk(t− 1), Qk),

(ak)4k=1 = (2, 3, 4, 5),

Qk ∼ N (0, 1), for all k = 1, . . . , 4 and t = 1, . . . , T .

Six different values of (σ2
1 , σ

2
2) are chosen to generate sim-

ulation data, namely (0.142, 1.42), (0.132, 1.32),(0.122, 1.22),
(0.112, 1.12), (0.12, 1), and (0.092, 0.92).

In both the offline MCMC-FFBS method and the online
PF-MCMC method, we set the following parameters: K =
10, αn = µ1,n = 1 and βn = µ2,n = 0 for all n,
{Mk(0)}Kk=1 = {55, 45, 30, 20, 10, 0,−10,−25,−35,−45},
and assume that (ak)Kk=1 = (2, 3, 4, 5, 6, 7, 8, 9, 10, 11). In the
PF-MCMC method, the number of particles is set to L = 100.

We compare the performance of our proposed approaches
with the following methods:

1) The gain and offset of each sensor are estimated ac-
cording to its own observations using MCMC (MCMC-
single).

2) The sensor clusters are assumed to be known a priori, and
the sensor gains and offsets are estimated using MCMC
with correctly clustered sensor observations (MCMC-
cluster). This benchmark is expected to give the best ASE
performance.

3) The number of sensor clusters is assumed to be known a
priori. We apply a k-means method to cluster the sensor
observations, and then use MCMC to estimate the sensor
gains and offsets.

4) We use the affinity propagation (AP) method [37] to
perform the clustering and then MCMC to estimate the
sensor gains and offsets.

5) The T-SBL method by [7]. The sensors are assumed to
have unit gains and no offsets during an initial calibration
period, and a subset of sensors are assumed to start
drifting at some known time. Sensor observations from
the initial calibration period are used to estimate the
signal subspace in which the sensor signals lie, and this
subspace is assumed to be invariant over time. The sensor
drifts are then estimated using a sparse Bayesian learning
approach.

Among the methods in the literature on blind calibration,
the assumptions adopted in [8] and [7] are closest to ours.
The reference [7] is an extension of [8] with better perfor-
mance. Therefore, we only compare our approaches with that
proposed in [7], in which the drift of sensor n is equivalent to
(αn − 1)θsn(t)(t) + βn in our model. Hence, we use T-SBL
to estimate the drift of sensor n first and then use the ground
truth values of θsn(t)(t) and βn to obtain αn. As [7] requires
an initial calibration period, we simulate an initial calibration
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period consisting of 400 samples only for T-SBL, but not the
other methods. After the initial calibration period, we let 50%
of the sensors drift over time for T-SBL, while 100% of the
sensors drift over time for the other methods.

Fig. 2. Mean ASE of different methods for sensor gain estimation when
sensors remain in same cluster over time.

In Fig. 2, we plot the mean ASE of the estimated sensor
gains of different methods versus different prior variances for
the sensor gains. It can be observed that given the correct
clustering of the sensor observations, the estimation accuracy
can be significantly improved. The results also show that our
proposed methods outperform the methods that first perform
clustering and then calibration, as well as the T-SBL method.
Both the k-means and AP regard the time-varying observations
as different vectors and the clustering is done using these
vectors, while our proposed methods are better able to model
the time-varying behavior of the observations and capture
the evolutionary information of the sensor signals. Unlike
our approaches, the T-SBL approach does not utilize the
evolutionary information of the underlying sensor signals.

Box-plots of the simulation results are shown in Fig. 3.
It can be observed that the proposed offline MCMC-FFBS
method performs better than the k-means, AP, and T-SBL
methods in both median ASE and number of ASE outliers.
The online PF-MCMC method has less outliers, but higher
median ASE compared to the offline methods. This is because
the offline methods are based on batch processing and use all
available data to estimate the parameters. Note that for the
k-means method, the cluster number is assumed to be known
and the ground truth of the gains and offsets are employed for
the initialization.

Compared with the T-SBL method in [7], the advantages of
our methods are thus: (i) they do not require any calibration
period, (ii) all the sensors can be low-cost sensors that drift
over time, and (iii) they can estimate the sensor gains and
offsets even if the subspace in which the sensor signals lie
in change over time. However, our methods require that the
signals’ evolution models to be known.

Fig. 3. Box-plots of ASE when sensors do not switch clusters. Numerical
value indicated is the median.

B. The influence of the parameter κ

In many real applications, the underlying signals tend to
remain the same or change slowly over observation time
instances. The parameter κ introduced in (11) is used to
characterize the stickiness of a sensor to a particular signal. In
order to show the impact of κ, the performance of the proposed
online PF-MCMC method with κ = 0 and κ = 10 are
compared in Table I. It can be observed that the performance
when κ = 10 outperforms that when κ = 0. In general, larger
κ can better characterize the sticky behavior of the underlying
signals. In practice, κ is experimentally selected according to
different applications.

TABLE I
THE EFFECT OF κ ON MEAN ASE.

Variance Mean ASE when κ = 0 Mean ASE when κ = 10

0.92 5.8×10−3 5.5×10−3

1.02 7.9×10−3 7.4×10−3

1.12 8.4×10−3 7.5×10−3

1.22 9.1×10−3 8.3×10−3

1.32 11.0×10−3 10.0×10−3

1.42 11.5×10−3 10.4×10−3

C. Sensors switch clusters across time

In this subsection, we evaluate the performance of our
proposed methods when sensors switch clusters over time.
Note that the cluster change points are unknown a priori. In our
simulation, N = 40 sensors are deployed to observe 4 signals.
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The observation time period is T = 40. Each sensor changes
its observed signal randomly every 10 sampling intervals.
The same initialization and distributions given in VI-A are
employed to generate the observations.

Similar to the case that sensors remain in the same clusters
over time, we also compare MCMC-FFBS and PF-MCMC
with the MCMC-single, MCMC-cluster, k-means and AP
based methods. We assume that the change points are known a
priori for these latter methods. Given the known change points,
the MCMC-single, MCMC-cluster, the k-means and AP based
methods are implemented for unchanged data segments and
the error is computed by averaging the results over all seg-
ments. We do not compare with the T-SBL method because
it assumes that sensors monitor the same signal throughout.
The ASE of the different methods are shown in Fig. 4. The
results show that the performance of PF-MCMC is worse than
MCMC-FFBS but better than both AP and k-means based
methods. The performance of MCMC-FFBS is close to the
MCMC-cluster, which is the best performance we can achieve.

Fig. 4. Comparison of different methods for sensor gain estimation when
sensors switch clusters across time.

Fig. 5 shows the box-plots of the ASE due to MCMC-FFBS,
PF-MCMC, k-means and AP. It can be observed that MCMC-
FFBS performs the best, and the estimation accuracy of PF-
MCMC is better than the k-means and AP based methods.

D. Real data experiment 1

In this subsection, we test our algorithms on the Sen-
sorscope dataset collected by LCAV [38]. The dataset was
collected on the rock glacier located at 2500m on the top
of Le Génépi above Martigny in Switzerland, and consists
of the temperature, solar radiation, wind speed and some
other information. In this paper, we only use the temperature
observations in four files named as ‘genepi-meteo-6’, ‘genepi-
meteo-17’, ‘genepi-meteo-18’, and ‘genepi-meteo-19’. Since
we do not know the ground-truth temperature values, we
treat the collected data as calibrated signals, and different
gains and offsets are artificially added to produce the sensor
observations. The same initialization and parameter distribu-
tions given in Section VI-C are adopted. In the dataset, each

Fig. 5. Median and distribution of ASE with different methods when sensors
switch clusters across time.

sensor took 3000 temperature readings. These observations are
downsampled to 40 observations, and each sensor switches its
observed signal randomly every 10 samples. For the T-SBL
method, we use the same settings as in Section VI-A, in which
sensors remain in the same clusters throughout.

Following [39], we assume the temperature data follows a
first order AR process:

θk(t) = akθk(t− 1) + εk(t), (32)

where εk(t) is additive noise with zero mean and covariance
Qk. Both ak and Qk are constants, which we estimate from
the dataset. For every signal k, we estimate ak and Qk from its
data by performing AR fitting. Averaging over all the estimated
ak and Qk, we obtain an average value of approximately 1 and
0.6, respectively. We then take these as the model parameter
values in our algorithms. From our AR fitting, we also note
that the R squared values for the 4 signals are 0.28, 0.25, 0.62,
and 0.94, respectively. This indicates that at least 3 of the
signals do not follow our model assumption (32) closely.
As seen in Fig. 6, our proposed algorithms achieve better
performance than the other methods, which demonstrate our
model is robust to the mismatch in our model assumption (32).

E. Real data experiment 2

In our next experiment, we collected measurements from
10 high quality light sensors. We use two sensors as reference
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Fig. 6. Comparision of different methods for sensor gain estimation.

sensors to provide the ground truth and perturbed the others
by covering them with paper. The dataset we have collected
is available at [40]. The data is collected in 3 different areas
of a passageway. The differences of the light intensity values
between areas are greater than those within the same area. In
each area, we let the sensors move around together and all
the observations collected correspond to the same signal. The
perturbations were different in different areas, and thus the
gains and offsets of each sensor were different in different
areas. Using the ground truth observations from reference
sensors and the noisy observations from each perturbed sensor,
we estimate the gains and offsets (αn, βn) for each sensor n
using least squares, and use these as the ground truth sensor
parameters.

In our inference algorithms, using the dynamic
light scattering model from [41], we model
each light signal as following an AR process:
θk(t) | θk(t − 1) ∼ N (akθk(t− 1), Qk). We perform
AR fitting on the reference observations and find (ak)3k=1

and (Qk)3k=1 to be (0.995, 0.998, 1.000) and (1.3, 1.9, 1.5),
respectively. However, in applying our algorithms, the number
of clusters is unknown. We assume the maximum number
of clusters K = 10, Qk = 1.5 for all k, and (ak)Kk=1 =
(0.989, 0.992, 0.995, 0.998, 1.000, 1.003, 1.006, 1.009, 1.012,
1.015). The variance of the measurement noise of sensor
n is estimated by calculating the variance of time series
(yn(t) − αnθsn(t)(t) − βn)Tt=1. For T-SBL, we use an initial
calibration period consisting of 80 samples.

The mean ASEs of different methods are shown in Table II.
We observe that MCMC-FFBS and PF-MCMC have better
performance than AP, k-means, MCMC-single, and T-SBL.

VII. CONCLUSION

We have proposed a dynamic Bayesian nonparametric
model for blind calibration of networked sensors. The sensor
signals are assumed to be evolving according to a known
model and noisy observations are collected. We provided

TABLE II
ASE OF DIFFERENT METHODS ON LIGHT DATA

Methods ASE
MCMC-cluster 7.0×10−3

MCMC-FFBS 7.6×10−3

PF-MCMC 8.5×10−3

AP 9.9×10−3

k-means 9.8×10−3

MCMC-single 11.5×10−3

T-SBL 16.0×10−3

sufficient conditions for the identifiability of the calibration
parameters. We developed both offline and online inference
methods based on Gibbs sampling and particle filtering, re-
spectively. The proposed methods have the advantage that the
number of underlying signals and the signals themselves need
not be known a priori. Simulations and real data experiments
demonstrate that our proposed methods perform better than
several other methods, including those which first perform
sensor clustering and then parameter estimation, and a method
based on sparse Bayesian learning.

For future research, it would be interesting to consider the
case where sensor observations may be correlated with each
other. Additional information like the sensor network topology
or sensor locations may be incorporated into our model and
algorithms to improve estimation accuracy.
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