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Abstract—As wireless sensor network (WSN) technologies become
mature, an increasing number of large-scale WSN-based long-term
monitoring systems are deployed. However, data quality, especially sensor
drift, is affecting the trustworthiness of sensor data. In this paper, we
proposed an online algorithm to blindly calibrate sensor drift using
signal space projection and Kalman filter. By utilizing data correlation
among sensors, the proposed method neither requires sensors to be
densely deployed nor needs prior knowledge of data models. Simulation
results showed the proposed method can detect and calibrate sensor
drift successfully. The mean square error of estimated drift is less than
1%, which is more accurate than existing prediction-based methods. The
proposed method is also robust to measurement noise, multiplicative drift,
and signal subspace estimation error.
Index Terms—WSN, Blind Calibration, Signal Space Projection, PCA,
Kalman Filter

I. I NTRODUCTION
A wireless sensor network (WSN) consists of a number of autonomous sensor nodes with the ability of sensing, computing, and
wireless communication working together to monitor physical or
environmental conditions, and cooperatively passing the obtained data
through an ad-hoc network to a main location [1, 2]. In recent years,
the advance of micro-electromechanical systems (MEMS) and technology of System-on-Chip (SoC) has made it possible to manufacture
low-cost and low-power sensor nodes with small physical size and
adequate accuracy in measurement. Meanwhile, standardized WSN
protocols such as ZigBee [3] and 6LoWPAN [4] have been proposed
and verified. As a result, mature WSN technologies enable large-scale
WSNs to be deployed in many industrial and consumer applications.
In our previous work [5, 6], hundreds of small and low-cost sensor
nodes were deployed to monitor animal activities, environmental
conditions and bridge structural health.
However, with the spreading deployment of long-term monitoring
systems, sensor drift and event faults reveal to be a serious problem
affecting the trustworthiness of sensor data. According to Ni et al. [7],
even costly high-accuracy sensors may still produce faulty data.
In traditional monitoring systems, few manually operated sensors
were deployed to regions which are relatively easy to reach, hence
they can be manually calibrated annually or more frequently. But
in many WSN applications, hundreds of nodes are deployed to
harsh environment and at nearly inaccessible locations, so it’s almost
impossible to unmount and manually calibrate these sensors deviceby-device. Therefore, there is an urgent need to automatically identify
and calibrate faulty or drifted sensors without unmounting them.
Usually, it’s almost impossible to measure the ground-truth data of
sensing region, and the sensing model is hardly known, so sensors
need to be calibrated without ground-truth data. This calibration
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method is called blind calibration [8]. Many existing blind calibration
approaches [9–12] assumed that WSN was deployed very densely
or the sensor nodes were to monitor the same phenomenon, so the
sensors should read the same value when no drift occurs. But unfortunately, in many practical WSN projects, the density requirement is
hard to satisfy.
In this paper, we extend the idea of signal subspace proposed
by Balzano and Nowak [8] to utilize the correlation among sensors,
and use Kalman filter [13] to track and calibrate sensor drift. For
sensor networks deployed to monitor physical environment, if some
redundant sensors were deployed, i.e., physical values are slightly
oversampled in sensing field, there would exist correlation among
sensors. Thus the ground-truth of sensor measurement should lie in
a lower-dimensional signal subspace of the measurement space, and
we can calculate the orthogonal projection of sensor measurements
onto the orthogonal complement of the signal subspace. We take
sensor drift as system state, and the projected sensor measurements
as observation, and in this way, Kalman filter can be used to track
sensor drift. Hence, the sensors can be calibrated.
The main contributions of this paper are:
• We propose a novel two-phase online blind calibration method
to detect and calibrate sensor drift without the requirement of
dense deployment or prior knowledge of the data model, and
we prove that the sensor network should over sample the signal
space by at least 2 dimensions;
• The proposed method does not need to predict the groundtruth, but project actual sensor drift to a known space, and it’s
more accurate than existing prediction-based blind calibration
approaches;
• Previous work [8, 11] modelled the mapping function between
measurement and ground-truth as time-independent gain and
offset, while in this paper sensor data error is simply modelled as
additive drift which varies over time. Experiment results show
that our method is robust to both additive and multiplicative
drift.
The rest of the paper is organized as follows. Section II provides a
literature review of some related work. In Section III, we formulate
the problem and then describe our calibration algorithm in Section IV.
In Section V, we simulate a measurement system to evaluate the
proposed algorithm. Future work is discussed in Section VI and
finally we draw conclusions in Section VII.
II. R ELATED W ORK
Fault tolerance of sensor networks is a fundamental research topic.
In [7, 14], sensor data faults and their causes were categorized by
analyzing data collected from real-world WSN projects. We further
categorize sensor data faults to: a) out-of-range fault: samples that

significantly deviates from normal value, which is likely caused by
hardware fault or random error; and b) in-range error: samples with
high noise or offset from normal value but still in a reasonable range
of the data model, which is likely caused by sensor drift, low-battery
or out of working environment.
Normally, sensor data with out-of-range fault has no correlation
with true measurement, hence this kind of fault can only be detected
and abandoned.
We focus on in-range data error, which is usually caused by sensor
drift, where erroneous data still has correlation with the ground
truth, so it’s possible to recover or estimate true measurement from
erroneous data. Many previous works calibrate sensors by using
prior knowledge or data models. In [14], an environment monitoring
WSN system was deployed, where the authors proposed a physical
dynamical model for the measurand, then use Ensemble Kalman
filter or Particle Filter to filter measurement with noise and error.
In [15], inspired by expectation maximization (EM) method, the
authors proposed an iterative method to maximize the likehood of
parameters of a pollution source detection system.
However, in many applications, such as environment monitoring
and structural health monitoring, the data model is either unavailable
or too expensive to build. Meanwhile, these applications need longterm monitoring, where sensor drift is likely to happen and cause inrange data error. Therefore, sensor data need to be calibrated blindly.
Many existing blind calibration approaches [9–12] are based on an
assumption that sensors were densely deployed, or even monitoring
the same phenomenon. But the density requirements limited the scope
of application of these approaches.
Balzano and Nowak [8, 16] proposed a blind calibration method
without requirement of dense deployment. They assumed that the
sensors measurements lay in a lower dimensional “signal subspace”
of the measurement space, that is to say, the sensor network is
slightly oversampling the signals of interest. They modeled sensor
error as y = (x − β)/α, where x is the ground-truth and y is the
measurement, α and β are gain and offset. The calibration algorithm
is to find the gain and offset which can satisfy a linear equation
system. They further proved that the sensor gains can be perfectly
recovered, while the offset need more assumptions to be calibrated.
Kumar et al. [17] followed the idea of drift-aware WSN introduced
by Takruri et al. [18]. They use Kriging as an interpolation algorithm
to predict the ground-truth of a sensor, and take the difference
between predicted and measured value as an estimation for sensor
drift, then they use Kalman filter (KF) to track the drift. However,
the accuracy of this approach is limited by the prediction phase, where
prediction error could cause erroneous results.
In this paper, we follow the concept of signal subspace introduced
by Balzano and Nowak to detect sensor drift, and use Kalman filter to
track and calibrate sensors. Our approach does not need to predict any
true value to estimate sensor drift by substracting the measurement
and prediction, but takes the projection of drift to the orthogonal
complement to the signal subspace as the observation, hence achieve
better accuracy and robustness.
III. P ROBLEM D ESCRIPTION
We follow Balzano’s idea of signal subspace [8] to model the
measurement and error of sensor networks. Consider a sensor network
with n sensors, at each time instant t, let xt = [x1,t , x2,t , . . . , xn,t ]T
be the ground-truth signal supposed to be measured by the sensor,
where xi,t represents the signal value of sensor i at time instant t with
no drift and noise. Obviously, x lies in an n-dimension measurement
space, denoted as M.

Each sensor would have an unknown drift, we denote the drifted
sensor measurement as y, and assume that yi,t = xi,t + di,t , where
yi,t is the sensor reading, xi,t is the unknown ground-truth, and di,t
is the unknown sensor drift. To summarize using vector notation:
y t = xt + dt

(1)

The blind drift calibration problem is to recover unknown groundtruth x from drifted measurement y.
Now that neither x nor d can be measured, we need some
assumptions for blind recovering. Assume that the ground-truth signal
x lies in a signal subspace S of lower dimension r, where 0 < r < n.
The term “signal subspace” means, there exist some linear constrains
among elements of x, which cannot be an arbitrary value in M.
For example, assuming that sensor signal outputs were driven by
a group of signal sources: s = [s1 , s2 , . . . , sr ]T , and the signal at
each sensor’s
position is a linear combination of signal sources, then
∑
xi = rj=1 aij sj , or in vector form:
x = As
where aij is the element at i-th row and j-th column of n × r matrix
A. Obviously, x should lie in the column space of matrix A, or, the
column vectors of A spanned the signal space S.
We then denote S ⊥ as the orthogonal complement to the signal
subspace S, which means S ⊥ = {v ∈ M | ∀u ∈ S, ⟨u, v⟩ = 0}. Let
P represent the orthogonal projection onto S ⊥ , hence S is the null
space of P . Therefore, for any x ∈ S,
P x = P (y − d) = 0

(2)

From equation (2) we can get
Pd = Py

(3)

Here we assume P is known, which we’ll discuss later how to
calculate, and since y is the known sensor readings, it seems d is
recoverable. But actually the rank of P is only n − r, hence, this
system is underdetermined. Balzano and Nowak have proved in [8]
that d is recoverable only if at least n − r elements of d is known.
In this paper, we deal with this problem by assuming the sensors
would not drift simultaneously, or, at a certain time instant, at most
one sensor could have unknown drift. We prove that if n − r ≥ 2,
the drifted sensor could be detected and calibrated.
IV. O NLINE D RIFT C ORRECTION A LGORITHM
A. Assumptions and Algorithm Description
First, as we’ve discussed in section III, we assume the ground-truth
signal lies in a lower-dimension linear subspace to the measurement
space, and the signal subspace is time invariant. This assumption
is appropriate since in many applications, such as structural health
monitoring, the signal space is decided by the structure and sensors’
geographic locations, which changes very slowly over time.
We then assume that all sensors are pre-calibrated before deployment. Hence, within a short period after the sensors were deployed,
the drift should be zero or insignificant. Therefore, we can extract
features of the signal subspace using sensor data collected within the
initial period of deployment.
In order to detect the drifted sensor, we need to assume that sensors
do not start drifting simultaneously, so at a certain time instant, at
most one sensor could have unknown drift.
Based on these assumptions, we propose a blind drift calibration
algorithm using signal space projection (SSP) and Kalman filter (KF).

Our algorithm has two phases: learning phase and running phase.
In learning phase, we use principle component analysis (PCA) to
calculate the orthogonal projection matrix P onto S ⊥ , the orthogonal
complement of the signal subspace. And in running phase, we first
detect whether there exists drift in sensor data, if so, find which
sensor is drifting, then Kalman filter is used to track the drift value,
as shown in figure 1. In this way, we can calibrate sensor data by
substracting sensor reading and estimated drift.

[x0 , x1 , . . . , xτ ]n×τ , where xi is the signal vector measured by the
sensor network at time instant i. Then we calculate it’s SVD:
U ΣV ∗ = svd(X)

where the columns of U n×n are left-singular vectors, which is a set
of unit orthogonal basis to the signal subspace, Σn×τ is a diagonal
matrix consists of singular values; V ’s columns are called rightsingular vectors.
The dimension r̂ of the estimation of signal subspace is determined
as:
r̂
∑
∑
ei,i ≥ Tr ·
e
(6)
e∈Σ,i=0

Fig. 1. SSP-KF Blind Drift Detection and Calibration Framework: {x}l is
the measurement signal set in learning phase, d̂ and x̂ are estimated drift and
calibrated signal

B. Learn Signal Subspace from Data at Deployment
In learning phase, using sensor data collected within the initial
period of deployment, where drift was considered to be null or
insignificant, features of the signal subspace are estimated.
According to equation (3), the feature of the signal subspace
needed for calibration is the orthogonal projection matrix P from
M onto the orthogonal complement of the signal subspace.
P can be calculated from an orthogonal projection matrix Q from
M onto S. It’s easy to prove that P = I − Q is an orthogonal projection matrix from M onto S ⊥ , where I = diag([1, 1, . . . , 1]T1×r ).
Proof: ∀u, v ∈ M, let Q be an orthogonal projection matrix
on to S, then Qu ∈ S, let P = I − Q Then
⟨P v, Qu⟩ = ((I − Q)v) Qu = v (I − Q) Qu
T

= v T (Q − QT Q)u

T

T

(4)

Since Q is an orthogonal projection matrix, there is QT = Q = Q2 ,
so Q − QT Q = Q − Q = 0, hence, ⟨P v, Qu⟩ = 0, or P v ∈ S ⊥ .
Obviously, P T = P = P 2 , therefore, P = I−Q is an orthogonal
projection matrix from M onto S ⊥ .
We can construct Q using a set of orthogonal basis of S, let Φ =
[ϕ1 , ϕ2 , . . . , ϕr ]n×r , where ϕi is a set of orthogonal unit vectors
that span S, then Q can be constructed as Q = ΦΦT [19].
Since x lies in S, hence a number of samples during the learning
phase {x}l can be considered to span the signal subspace, and we
can extract a set of unit orthogonal basis from {x}l by PCA [20].
There are three reasons of using PCA:
•

•

•

PCA is a non-parametric method, which can extract unit orthogonal basis of the signal subspace using only a set of data
samples;
It’s easy to estimate the dimension of the signal subspace using
PCA. In practice, using few principle components associated
with largest singular values is enough to construct an even lowerdimensional estimation of the signal subspace;
Without drifting, the measured signals would still be noisy.
While PCA method can construct a best matching subspace of
the signal subspace from least-square meaning, so PCA is robust
to measurement noise.

We use singular value decomposition(SVD) to calculate the principal components, or, the basis of the signal subspace. Let X =

(5)

e∈Σ

where Tr is the threshold. In practice, we can choose 0.99 as a proper
value of Tr .
The first r̂ columns of U are the unit orthogonal basis of the
estimated signal subspace, or, Φ̂ = [u1 , u2 , . . . , ur̂ ], where ui is
the i-th column of U .
Finally, the orthogonal projection matrix onto the orthogonal
complement of the estimated signal subspace can be constructed as:
T

P = I − Φ̂Φ̂

(7)

C. Drift Tracking using Kalman filter
Before discussing how to detect the drifted sensor, we suppose the
drifted sensor had been detected. Let k be the identifier of the drifted
sensor, we model its drift as:
dk,t = dk,t−1 + vk,t

vk,t ∼ N (0, Qt )

(8)

where dk,t is the drift of sensor k at time instant t, and vk,t is a
random variable that obeys Gaussian distribution.
At each time instant t of running phase, we calculate the offset of
measured signal projected onto S ⊥ , according to equation (1) and
equation (3):
P y t = P (xt + dt + w′t )
= P dt + w t

w′t ∼ N (0, R′t )

wt ∼ N (0, Rt )

(9)

where P is the orthogonal projection matrix calculated in learning
phase, y t is sensors’ measurements with unknown drift, dt is sensors’
drift and w′t and wt are additive Gaussian noise, and Rt = P R′t .
Since we assumed sensors do not start drifting at the same time,
hence at most one sensor has an undetermined drift, if other sensors
had already drifted, it should be already calibrated. Therefore, at
most one element of dt is non-zero, and that would be dk,t . So
dt = [0, . . . , dk,t , 0, . . . , 0]T , as a result,
P dt = P [0, . . . , dk,t , 0, . . . , 0]T = pk · dk,t

(10)

where pk is the k-th column of P .
Let z t = P y t , combined with equation (9) and equation (10),
z t = pk · dk,t + wt

wt ∼ N (0, Rt )

(11)

Equation (8) and equation (11) consist a kalman state-observation
model, where the system state is the sensor drift, and the observed
value is measurement signal’s offset projected onto S ⊥ . Hence we
can use Kalman filter [13] to optimally estimate the drift iteratively
shown in algorithm 1, the estimated drift is denoted as dˆk,t .

E. Summary

Algorithm 1: Drift Tracking using Kalman filter
Qt , Rt , Pt+0

In this section, we first discussed the assumptions of our algorithm.
Then the method of learning the orthogonal projection matrix onto
the orthogonal complement of the signal subspace using PCA was
introduced. After that, we modeled sensor drift and projection as a
kalman state-observation process, and hence the drift can be tracked
with a Kalman filter. Finally, we proved that if n − r ≥ 2, the drifted
sensor can be detected.

function KF(k, t0 , τ ,
← 0, dˆk,t0 ← 0)
// 0 is the default initial value of Pt+0 and dˆk,t0
for t ← t1 to τ do
+
Pt− ← Pt−1
+ Qt
− T
−1
K t ← Pt− pT
k (pk Pt pk + Rt )
ˆ
ˆ
dk,t ← dk,t−1 + K t (z k − pk dˆk,t−1 )
Pt+ ← (I − K t pk )Pt−
return d̂k

V. E VALUATION

D. Drift Sensor Detection
As discussed before, sensor drift could be optimally estimated
using Kalman filter if the drifted sensor could be detected. Let k be
the identifier of the drifted sensor, and j be another sensor. Without
consideration of additive noise:
P y t = pk · dk,t

(12)

If sensor j was mistaken for the drifted sensor, trying to solve the
equation P y t = pj · dj,t would lead to
pj · dj,t = pk · dk,t

k ̸= j

(13)

In real-world sensor networks, it’s difficult to get the ground-truth
values of each sensor, and although there exist several open sensor
network datasets available online [21], they come with no groundtruth. It’s not convincing to prove the correctness of calibration algorithm if the ground-truth is unknown, so we conduct the evaluation of
our proposed algorithm via simulation implemented with SciPy [22].
A. Simulation Scenario
To simulate an n-dimensional measurement space with rdimensional signal subspace, we simulate a 10 × 10 sensing field
with n sensors and r signal source randomly placed in the field.
In our experiment, we let n = 15 and r = 10, sensor and source
positions are shown in figure 2.

In most cases pi are not linear correlated to each other, so
equation (13) has a solution if and only if rank(P ) = n − r = 1.
That is to say, if n − r ≥ 2, equation (13) would have no solution.
In this way, the drifted sensor can be detected by enumerating k and
test whether equation (12) has a solution.
However, because all measurements comes with noise, a more
robust method is to suppose j was the drifted sensor, then use kalman
filter to pseudo-calibrate the drift, hence, a series of pseudo-calibrated
samples x̂(j) can be calculated. If and only if j = k, P x̂ ≈ 0. In
other words, the j to minimize P x̂ is supposed as k.
Algorithm 2 shows our drift sensor detection method.
Fig. 2. Sensing Field: Positions of signal sources and sensors

Algorithm 2: Drifted Sensor Detection
function project(Y )
/* Y is a matrix consists of several signal samples over time,
each column of Y is a signal sample
*/
o ← PY
∑
return || i oi ||

// oi is the i-th column of o

The source signals were generated using several samples of lowpass filtered ARMA process [23], each of 10 the series was generated
and sampled independently with the length of 8192.
Sensors work as follows, for each sensor i, it’s measured signal is
xi,t =

Pt+0

function detect(t0 , τ ,
← 0, dk,t0 ← 0)
drift ← false
for t ← t0 · · · τ do
proj ← project(y[t → t + w]) // w is a window
if proj > Th then
// Th is threshold
break
if t = τ then
return NoDriftDetected
min ← Th , k ← null
for j ← 1 · · · n do
dj ← KF(j , t, t + w, Qt , Rt )
x̂(j) ← y − dj
projj ← project(x̂(j) )
if projj < min then
k ← j , min ← projj

if k = null then
return Error
return k

r
∑

aij sj,t

(14)

j=1

where sj is the source signal value, aij is the contribution of source
j to sensor i, aij is calculated by:
aij = (δij + 1)−1.5

(15)

where δij is the distance between the source j and sensor i. Hence,
the signal subspace is spanned by vectors of these coefficients totally
decided by sensors’ positions.
The data samples used in following experiments are shown in
figure 3, where the upper figure shows the source signals, and the
lower one plots the sensor readings. From the figure we can see,
the source signals are independent from each other, while the sensor
readings are correlated but different from each other.
B. Result and Comparison
As introduced above, the rank of signal subspace is 10, and 15
sensors were deployed. The time range of signals is 0 to 8191.
We first add noise and drifting to measurements. Additive Gaussian
noise at 45.0 dB of signal-noise-ratio (SNR) was generated. The

Kalman filter in Kriging-KF is actually tracking the estimated drift,
but in our method, KF is tracking the true drift. That’s why SSP-KF
is more accurate than Kriging-KF.
C. Robustness

Fig. 3. Simulated Signal of Sources and Sensors: Sources signals are
independent, while sensor signals are correlated

learning phase is time range [0, 499], and one random sensor starts
drifting from a random time instant in [500, 999]. Qt is set to 0.002
and Rt is set to diag([0.1, 0.1, . . . , 0.1]n ). In practice, Q and R
should be estimated from measurements.

Fig. 4. Singular Values in Learning Phase: The sharp falling at 11-th singular
value verified the dimension of signal subspace is 10

In learning phase, we set the estimation threshold to 0.99, and 6
vectors was chosen as the basis to estimate the signal subspace. The
singular values are shown in figure 4.
We then run the proposed SSP-KF and compare the results with
Kriging-KF [17], shown in figure 5. The dark-blue solid line is
the ground-truth signal, the green line is the drifted measurement,
the orange dashed line is the calibrated signal estimation using the
proposed SSP-KF method and the pink dotted line is the result using
Kriging-KF method.

We further test the robustness of our proposed approach. First, we
test whether our additive drift model is enough for sensor drift; then
we test its noise-tolerance by calculating its accuracy under different
SNRs; finally, as shown in previous experiment, we estimated the
10-dimensional signal subspace with a 6-dimensional space and got
fairly accurate result, so we would test the results’ accuracy under
different dimension of signal subspace estimations.
1) Drift Model: Previous work [8, 11] modelled sensor as offset
and gain, while our SSP-KF method only considers additive drift,
which corresponds to “offset” in Balzano’s model. We verify our
method by simulating sensor measurements with drift in both gain
and offset, while calibrate only considering drift (offset), and compare
the mean-square-error (MSE) between real and estimated drift with
the scenario where measurements were only drifted. We name the
two drifting models as “with gain” (WG) and “without gain” (WOG),
and set SNR at 50 dB, and for each model, we run 5 times in case
of random error. For WOG group, the MSE is 0.426%, and for WG
group, the MSE is 0.452%. So modelling error can lower the accuracy
of our calibration approach, but the influence is very limited.
Balzano and Nowak’s model did not take time into consideration,
and the calibration method is essentially a parameter-estimation to
a mapping function from measurements to the ground-truth. So it’s
necessary to model the mapping with gain and offset, or even more
complex non-linear function. Our method works iteratively, and the
drift parameter is time-variant. As long as the Kalman filter could
track up the difference between measurement and ground-truth, the
final result should not be erroneous. Therefore, it’s enough to model
sensor data error as additive drift, more complex model might lead
to more complex algorithm and more uncertainty.
2) Noise: Noise can influence the quality of signal subspace
estimation, here we test whether the proposed approach is noisetolerant. We run our simulation under different SNR settings and
use MSE as the indicator of accuracy, and for each SNR value, the
simulation is run 5 times.
As the results shown in table I, the MSE is lower than 1% until
SNR gets lower than 35 dB. Since both PCA and Kalman filter are
optimal in meaning of least square error, the proposed approach is
noise-robust.
TABLE I
MSE
SNR (dB)
MSE (%)

Fig. 5. Simulation Result and Comparison to Kriging-KF: SSP-KF is more
accurate in this scenario, and calibrated signal is very closed to the groundtruth

From the figure we can see: a) The result of Kriging-KF is biased,
and less accurate than that of SSP-KF method; b) The calibrated
signal using our SSP-KF method is very near to the ground-truth;
c) The estimated 6-dimensional space has kept enough information
we need for calibration, and using 1/16 of samples to estimate the
signal subspace does not lead to accumulative error.
Recalling equation (11), the observation of kalman state model
is derived from the ground-truth of sensor drift, while Kriging-KF
needs to predict and estimate sensor drift as observation. Hence, the
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3) Signal Subspace Estimation: In our simulation settings, the
dimension of the signal subspace is 10, since we set PCA threshold to
0.99, the estimated signal subspace only has dimension of 6, while
the results have shown that a non-precise estimation can result in
acceptible accuracy. Here we test the robustness of the proposed
approach to signal subspace esitmation error by setting the estimated
dimension to different values and use MSE as accuracy indicator.
TABLE II
MSE
r̂
E(%)
MSE(%)

1
93.8
2.98

UNDER DIFFERENT SIGNAL SPACE DIMENSION

3
97.1
2.91

4
97.9
0.55

6
99.2
0.42

7
99.5
0.22

8
99.8
0.04

10
100
0.04

11
100
0.05

12
100
0.06

As the results shown in table II, the “E” row is the energy (sum
of chosen singular values) of total energy, in this scenario, since
sensor values are highly correlated with their geographical location,
the first singular value has made up 93.8% of the total energy. When
estimated dimension is higher than 4, the MSE is under 1%. An
interesting phenomenon is that when estimated dimension is larger
than 10, the accuracy instead reduced. This is because the first
10 dimensions has kept almost all the information needed, higher
dimensions would bring in more noise interference. Meanwhile, since
P has rank of n − r, larger r value would lower redundancy of the
algorithm, thus making it less noise-robust.
D. Summary
In this section, we first introduced our simulation settings, including the method to generate sensor signals and the sensing field. Then
we ran our SSP-KF method to calibrate a drifted sensor and compared
with the Kriging-KF method proposed in [17], where our SSP-KF
performed better. We further conducted robustness evaluation in three
aspects: drift model, additive noise and signal subspace estimation,
and the results showed that the proposed SSP-KF approach is robust
to all these factors.
VI. F UTURE W ORK
We proposed a signal space projection based blind calibration
method for sensor drift named SSP-KF, which performs well in our
simulation. While there are still some issues.
a) Time-variance of signal subspace: SSP-KF is based on the
assumption that the signal subspace is time invariant. Although we
have proved via simulation that this assumption is appropriate in
our supposed scenario, in practice, the signal subspace is decided by
both sensors’ location and the monitoring field, which may slowly
change over time. Future work on sensor network calibration with
time variant signal subspace is needed.
b) Testbed Evaluation: : We’ll setup a testbed with ground-truth
readings and use it to evaluate calibration algorithms.
c) Application: We’ll try to apply our method to real-world
sensor network applications, and in turn improve our approach that
can fit real-world scenarios.
VII. C ONCLUSION
Blind calibration has become one of the key issues of sensor
networks when large-scale and long-term sensor network applications
increase. In this paper, we proposed a blind drift calibration method
using signal subspace projection and Kalman filter named SSP-KF,
which can run without prior knowledge of measurand data model or
prediction of ground-truth value, and it does not require the sensors
to be densely deployed.
By using signal subspace projection, the proposed method can use
a projection of the true value of drift as the observation, then use
Kalman filter to optimally estimate sensor drift. Hence, it’s more
accurate than the approaches that need to predict sensors’ groundtruth and estimate a drift observation.
Experiments showed that the proposed method is not only accurate,
but also robust to model error, additive noise and signal subspace
estimation error. Therefore, the SSP-KF calibration algorithm should
be capable to be applied in real-world sensor network systems.
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