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We present an artificial neural-network- (NN-) based smart interface framework for sensors operating in harsh environments. The
NN-based sensor can automatically compensate for the nonlinear response characteristics and its nonlinear dependency on the
environmental parameters, with high accuracy. To show the potential of the proposed NN-based framework, we provide results of
a smart capacitive pressure sensor (CPS) operating in a wide temperature range of 0 to 250◦ C. Through simulated experiments,
we have shown that the NN-based CPS model is capable of providing pressure readout with a maximum full-scale (FS) error of
only ±1.0% over this temperature range. A novel scheme for estimating the ambient temperature from the sensor characteristics
itself is proposed. For this purpose, a second NN is utilized to estimate the ambient temperature accurately from the knowledge
of the oﬀset capacitance of the CPS. A microcontroller-unit- (MCU-) based implementation scheme is also provided.
Keywords and phrases: intelligent sensors, artificial neural networks, autocompensation.

1.

INTRODUCTION

In many practical application areas of avionics, automobiles,
robotics, missile guidance, oil drilling, and industrial measurements, sensors operate in harsh environments such as
extreme ambient temperature, pressure, humidity, and so
forth. In such situations, the response of the sensors depends not only on the measurand but also on the environmental parameters in a nonlinear manner. Usually, an exact
mathematical model of a sensor showing the relationship between the measurand and its response, and its dependency
on the environmental parameters, is not available. Further,
since most of the sensors exhibit some amount of nonlinear
response characteristics, and the environmental parameters
influence the sensor behavior nonlinearly, the problem of obtaining an accurate readout and its calibration becomes more
complex.

Some of the ideal properties of a sensor include linear response characteristics, autocorrection of the adverse eﬀects
of nonlinear environmental parameters, high sensitivity and
accuracy, and low power consumption. However, in practical
situations, it is not easy to achieve ideal sensor characteristics, especially when the sensor is operating in a harsh environment. In order to compensate for some of the nonidealities and to obtain accurate readout, several digital and analog
interface circuits have been proposed in the past with some
success [1, 2, 3, 4, 5, 6, 7]. These techniques include both iterative and noniterative algorithms, and involve complex analog and/or digital signal processing to model the sensor characteristics. They provide a limited solution to the complex
problem under the assumptions that the range of variation
of environmental parameters is small and that the influence
of the environmental parameters on the sensor characteristics is linear.

Smart Sensor in a Harsh Environment
Recently, artificial neural networks (NNs) have emerged
as a powerful learning technique to perform complex tasks
in dynamic environments. These networks are endowed with
certain unique characteristics such as the capability of universal approximation, generalization, and fault tolerance. Because of these characteristics, there have been numerous successful applications of NNs in various fields of science, engineering, and industry [8, 9, 10]. It has been shown that
the NN-based approximations to measurement data perform
better than those of the classical methods of data interpolation and least mean square regression [11]. Application
of NNs with superior performance for several instrumentation and measurement applications have been reported
[12, 13, 14, 15, 16, 17, 18].
The main objective of this paper is to demonstrate the
potential of NNs in the development of smart sensors capable of mitigating adverse eﬀects of environmental parameters on the response characteristics of any type of sensor.
For this purpose, we propose a multilayer perceptron (MLP)based scheme to provide linear response characteristics with
accurate pressure readout, and to compensate for the nonlinear temperature dependency of a capacitive pressure sensor (CPS) operating in a harsh environment with temperature variations from 0 to 250◦ C. We have assumed that the
temperature influences the sensors’s response characteristics nonlinearly and have performed simulation studies with
three types of nonlinear dependencies.
An inverse model of the CPS is obtained by training a
small-sized MLP using the popular backpropagation (BP)
learning algorithm [8]. A small-sized MLP is preferable as
the training time, computational complexity, and memory
requirements decrease with the size of the MLP. To obtain
ambient temperature information, a separate temperature
sensor is usually embedded with the pressure sensor. An
important contribution of this paper is that we have proposed a novel scheme to estimate the ambient temperature
from the sensor characteristics itself, using a second MLP,
thus eliminating the need of a separate temperature sensor.
The performance of the NN-based scheme is compared with
a polynomial-based interpolation scheme, and it is shown
that the NN-based scheme outperforms the interpolation
scheme.
The rest of the paper is arranged as follows. Section 2
presents a brief theoretical background of the CPS and the
switched-capacitor interface (SCI). Section 3 provides details
of the proposed MLP-based sensor modeling scheme. The
simulated experiments are detailed in Section 4. Section 5
provides performance evaluation and discussions on results
of these experiments. The performance comparison with
a polynomial-based interpolation scheme is presented in
Section 6. A microcontroller-unit-(MCU-) based implementation scheme is provided in Section 7, and finally, conclusions of the present study are drawn in Section 8.
2.

CPS AND SCI

A CPS senses the applied pressure in the form of elastic deflection of its diaphragm. The capacitance of a CPS resulting
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from the applied pressure P at the ambient temperature T is
given by
C(P, T) = C0 (T) + ∆C(P, T),

(1)

where ∆C(P, T) is the change in capacitance and C0 (T) is
the oﬀset capacitance, that is, the zero-pressure capacitance,
both at the ambient temperature T. The above capacitance
may be expressed in terms of capacitances at the reference
temperature T0 as




C(P, T) = C0 f1 (T) + ∆C P, T0 f2 (T),

(2)

where C0 is the oﬀset capacitance and ∆C(P, T0 ) is the change
in capacitance, both at the reference temperature T0 . The
nonlinear functions f1 (T) and f2 (T) determine the eﬀect of
the ambient temperature on the sensor characteristics [3].
This model provides suﬃcient accuracy in determining the
influence of temperature on the sensor’s response characteristics.
When pressure is applied to the CPS, its change in capacitance at the reference temperature T0 is given by




∆C P, T0 = C0 PN

1−τ
,
1 − PN

(3)

where τ is the desensitivity parameter, PN is the normalized
applied pressure given by PN = P/Pmax , and Pmax is the maximum permissible applied pressure. The parameters τ and
Pmax depend on the geometrical structure and physical dimensions of the CPS.
In this study, in conformance with practical conditions,
we have considered that the ambient temperature influences
the CPS characteristics nonlinearly. The nonlinear functions
involved are given by
fi (T) = 1 + gi (T),

(4)

gi (T) = κi1 Tn + κi2 Tn2 + κi3 Tn3 ,

(5)

where Tn = (T − T0 )/Tmax . The coeﬃcients κi j , i = 1, 2,
j = 1, 2, 3, determine the extent of nonlinear influence of the
temperature on the sensor characteristics. Note that when
κi j = 0 for j = 2 and 3, the influence of the temperature
on the CPS response characteristics is linear. The maximum
permissible temperature at which the sensor may be operated is denoted by Tmax . Let the normalized temperature TN
be given by TN = T/Tmax . The normalized capacitance CN
may be expressed as
CN =

C(P, T)
.
C0

(6)

Using (2) and (3), this may be rewritten as
CN = f1 (T) + γ f2 (T),

(7)

where γ = PN (1 − τ)/(1 − PN ). Because of the requirement of
the NN modeling, CN in (7) is divided by a scale factor (SF)
of 2, so as to keep its maximum value within 1. If the applied
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Figure 1: The switched-capacitor interface circuit.
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pressure is zero, then γ becomes zero. Therefore, the normalized zero-pressure capacitance, that is, the normalized oﬀset
capacitance is given by
CN0 = f1 (T) = 1 + g1 (T).
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(8)
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+
+
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SCI for the CPS is shown in Figure 1, where the CPS is
represented by C(P). The SCI output provides a voltage signal proportional to the capacitance change in the CPS due
to the applied pressure. The SCI operation can be controled
by a reset signal θ. When θ̄ = 1 (logic 1), C(P) charges to
the reference voltage VR while the capacitor CS is discharged
to ground. On the other hand, when θ = 1, the total charge
C(P)VR stored in C(P) is transferred to CS producing an output voltage given by
VO = K · C(P),

(9)

where K = VR /CS . By choosing proper values of CS and VR ,
the normalized SCI output VN may be obtained in such a
way that
VN = CN .

(10)

The unnormalized and normalized SCI outputs at zeroapplied pressure are denoted by V00 and VN0 , respectively.
Therefore, if PN = 0, then VN0 = CN0 .
3.

THE MLP-BASED CPS MODEL

We propose an NN-based technique to obtain an inverse
model of a CPS to provide accurate pressure readout under the nonlinear influence of the ambient temperature. The
proposed scheme of the NN-based CPS model for the estimation of the applied pressure is shown in Figure 2. This scheme
is analogous to the channel equalization scheme used in a
digital communication receiver to cancel the adverse eﬀects
of the channel on the data being transmitted [8]. To obtain
an accurate digital readout of the applied pressure, an MLPbased inverse model of the CPS is used to compensate for the
adverse eﬀects of the nonlinear characteristics and its variations due to the influence of the ambient temperature.
In this NN-based CPS model, all the signals used for
training and testing are scaled by appropriate SFs to keep
their range between 0 and 1. The model operates in two

Applied
TN
V00
VN0
pressure CPS
SF
T-NN
+
VN P-NN
V0
(P)
SCI
SF

Estimated
pressure
SF


(P)

(c)

Figure 2: The scheme of NN-based modeling of a CPS. (a) Training
phase: pressure. (b) Training phase: temperature. (c) Test phase: the
complete model.

phases: the training phase and the test phase. In the training
phase, the NNs used in the model are trained to learn the sensor characteristics and the environmental dependency. The
pressure-NN (P-NN) is used to learn the sensor’s response
characteristics and its nonlinear dependency on the ambient
temperature, whereas the temperature-NN (T-NN) is used
to learn the nonlinear function representing variations in the
ambient temperature.
We have used MLPs for both the P-NN and the T-NN.
Several datasets are needed to train the NNs. An input pattern and its corresponding desired, or target pattern constitute one pair of data in the dataset. The available datasets are
segregated into two parts. The first part, called training set, is
used for training of the NNs, and the other part, called test
set, is used to verify the eﬀectiveness of the model.
3.1.

Training phase: pressure

An MLP (P-NN) is used to learn the CPS response characteristics. The scheme for this is shown in Figure 2a. The inputs to the P-NN consist of the normalized temperature (TN )
and the normalized SCI output (VN ). The desired output
is the normalized applied pressure (PN ). One dataset for a
specific temperature is obtained by recording the SCI output (VN ) for diﬀerent values of applied pressure, covering
the operating range of the sensor. Next, at diﬀerent temperature values, covering the full operating range, several datasets
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are generated. The P-NN is trained by taking the patterns
from the training set, and its weights are updated by using
the popular BP algorithm [8]. After training, the weights of
the NN are frozen and stored in an electrically erasable programmable read-only memory (EEPROM). In what follows,
the final weights are denoted by WP .
3.2. Training phase: temperature
A scheme to estimate the ambient temperature, by using another MLP (T-NN), only from the knowledge of the sensor
characteristics is shown in Figure 2b. From (8), it may be
seen that CN0 contains temperature information. However,
since the influence of the temperature on the CPS characteristics is considered to be nonlinear, the temperature information cannot be obtained correctly from the knowledge of
CN0 , using (8). The T-NN is trained by inputting the values
of VN0 (the normalized SCI output corresponding to CN0 ,
that is, the SCI output at zero-applied pressure). The desired
output is the normalized temperature TN . Using the BP algorithm, the weights of the T-NN are updated. After the training is completed, the final weights are stored in an EEPROM.
In what follows, the final weights are denoted by WT .
3.3. Test phase: complete model
The complete scheme of the MLP-based model is shown in
Figure 2c. In spite of the variation of the environmental temperature and its nonlinear influence on the CPS characteristics, this model can estimate the applied pressure accurately.
During the test phase and actual use of the sensor, the weights
WP and WT , stored in the EEPROM, are loaded into the PNN and T-NN, respectively. The P-NN has learned the inverse characteristics of the CPS at diﬀerent values of temperature, while the T-NN has learned the nonlinear function representing variations of the ambient temperature. The
temperature information needed for the P-NN is obtained
from the T-NN. The T-NN gets its input from the value of
VN0 . Next, the input patterns from the test set are applied,
and the model output (PN ) is computed. If the model output
matches closely with the actual applied pressure (PN ), then it
may be said that the NN has learned the CPS characteristics
correctly. Thereafter, the model can be used along with the
CPS to estimate the pressure and to obtain its readout.
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Table 1: The values of κi j for linear and nonlinear forms of temperature dependencies.
NL form
NL0
NL1
NL2
NL3

SIMULATION STUDIES

We carried out extensive simulation studies to evaluate performance of the proposed NN-based CPS model. In the following, we describe the details of the simulated experiments.
4.1. Preparation of datasets
All parameters of the CPS, such as, ambient temperature,
applied pressure, and the SCI output voltage, used in the
simulation study were suitably normalized to keep their values between 0 and 1. The datasets needed for training and
testing of the NN were generated as follows. The SCI output voltage (VN ) was recorded at the reference temperature (25◦ C) at diﬀerent known values of normalized pressure (PN ) chosen between 0.0 and 0.6 at an interval of 0.05.

κ12
0.00
0.20
0.05
−0.10

κ13
0.00
−0.10
−0.20
−0.07

κ21
0.70
0.70
0.70
0.70

κ22
0.00
−0.30
−0.10
0.10

κ23
0.00
0.40
−0.50
−0.30

Thus, these 13 pairs of data (PN versus VN ) constitute one
dataset at the reference temperature. To study the influence
of temperature on the CPS characteristics, we have considered three forms of nonlinear functions denoted by NL1,
NL2, and NL3, and a linear form denoted by NL0. These were
simulated by choosing proper values of κi j in (5). The corresponding values of κi j are provided in Table 1.
Next, with the knowledge of the dataset at the reference
temperature, and the chosen values of κi j , the response characteristics of the CPS for a specific ambient temperature were
generated using (7). The response characteristics consist of
13 pairs of data (PN versus VN ), and correspond to a dataset
at that temperature. For a temperature range from 0◦ C to
250◦ C, at an increment of 10◦ C, twenty-six such datasets,
each containing 13 data pairs, were generated. Next, these
datasets were divided into two groups: the training set and
the test set. The training set, used for training the NNs, consists of only five datasets corresponding to 0, 60, 120, 180,
and 240◦ C, and the remaining twenty one datasets were used
as the test set. Let the number of the datasets used for training and the number of data points in a dataset be denoted by
Ntrgset and Ndatpts , respectively. In the following experiments,
Ntrgset = 5 and Ndatpts = 13, and thus, the total number of
training data points is 65 (13 × 5).
The response characteristics of the CPS for diﬀerent values of temperature (0, 25, 80, 150, and 250◦ C) are shown
in Figure 3. It may be observed that wide variation in the
sensor characteristics occurs when the ambient temperature
changes from 0◦ C to 250◦ C. Further, the sensor’s response
characteristics change diﬀerently for the linear form (NL0)
and the three nonlinear forms (NL1–NL3) of temperature
dependencies.
4.2.

4.

κ11
−0.20
−0.20
−0.20
−0.20

Training and testing of the P-NN

A 2-layer MLP with {2 − 4 − 1} architecture was chosen in this
modeling problem (see Figure 2a). Initially, all the weights of
the P-NN were set to some random values within ±1.0. During training, a dataset was randomly selected from the five
datasets, and a pattern from the selected dataset was also selected randomly. The initial values of the learning parameter
α and the momentum factor β of the BP algorithm were chosen as 0.3 and 0.5, respectively. The MLP architecture and
the values of α and β were selected after several experiments
to provide optimum results.
Completion of weight adaptation of the 13 data pairs
of all the five training sets constitute one iteration. For effective learning, 100 000 iterations were made to train the
MLP model. To improve the learning, a variable learning
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Figure 3: The response characteristics of the CPS operating at diﬀerent temperatures (0, 25, 80, 150, and 250◦ C) with linear and three forms
of nonlinear dependencies. (a) NL0. (b) NL1. (c) NL2. (d) NL3.

parameter was used in the BP algorithm. The learning parameter was varied as
αni = αni−1





ni
1−
,
NITR

(11)

where ni is the current iteration number, and NITR is
the total number of iterations used (in this case, NITR =
100 000). Using a Pentium 4, 2.8 GHz machine, it took only
13 seconds to train the MLP with 100 000 iterations. Finally,
the weights of the P-NN (WP ) were stored for later use.
This procedure was repeated for the linear (NL0) and the
three nonlinear forms of temperature influences (NL1–NL3).

The four sets of the final weights (WP ) of the P-NN model are
provided in Table 2.
Performance evaluation of the model was carried out by
loading the final stored weights into the MLP. It is important to note that during the testing and actual use of the
CPS model, updating of the weights does not take place. The
NN estimates the applied pressure from the knowledge of the
stored weights when the inputs are applied to the model. For
the testing purpose, the SCI output voltage was varied from
0.35 to 0.90 with an increment of 0.001, and then applied to
the model along with the temperature information. To evaluate the eﬀectiveness of the model, the NN output (PN ) was
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Table 3: Final weights (WT ) of the T-NN ({1 − 4 − 1} architecture).
First layer: wi j , i = 1, 2, 3, 4, and j = 0 and 1. Second layer: vk ,
k = 0, 1, . . . , 4.

Weights
w10
w11
w12
w20
w21
w22
w30
w31
w32
w40
w41
w42
v0
v1
v2
v3
v4

Weights
w10
w11
w20
w21
w30
w31
w40
w41
v0
v1
v2
v3
v4

Normalized capacitance at zero pressure

Table 2: Final weights (WP ) of the P-NN ({2 − 4 − 1} architecture).
First layer: wi j , i = 1, 2, 3, 4, and j = 0, 1, 2. Second layer: vk , k =
0, 1, . . . , 4.
NL0
1.087
0.644
−0.938
−1.912
1.015
6.034
1.137
−0.548
−1.497
0.171
0.228
−1.863
−1.591
−0.591
2.094
−0.369
−0.498

NL1
0.195
0.399
−3.595
−1.889
1.117
5.742
1.241
−0.637
−1.475
0.024
0.889
−0.567
−2.184
−0.945
1.813
−0.543
−0.550

NL2
0.081
0.845
−0.697
−1.965
1.021
5.811
1.902
−1.511
−0.262
1.048
−0.486
−1.438
−0.873
−0.678
1.776
−0.533
−0.514

NL3
0.446
1.355
−0.837
−1.905
1.173
5.634
1.042
−0.922
−0.857
0.546
0.659
−2.110
−1.026
−0.483
1.723
−0.667
−0.227

0.52
0.5
0.48
0.46
0.44
0.42
0.4
0.38
0.36
0.34

0

50

NL0
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100
150
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200

250
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Figure 4: Variation of normalized oﬀset capacitance (CN0 ) of the
pressure sensor with temperature for diﬀerent forms of temperature
dependencies.

computed and then compared with the true value of the applied pressure (PN ).

The T-NN was used to estimate the ambient temperature
from the knowledge of CN0 at diﬀerent temperatures. For the
chosen values of κi j (see Table 1), the variation of CN0 with
the change in temperature for the linear (NL0) and the three
forms of nonlinear dependencies (NL1–NL3) are shown in
Figure 4. The T-NN was employed to learn these nonlinear
functions for estimating the ambient temperature.

NL1
0.347
−0.712
−12.661
30.122
−6.627
12.023
−5.397
11.686
4.525
0.004
−5.263
−0.952
0.517

NL2
−1.328
2.765
0.048
−0.099
−1.594
5.446
−4.005
7.333
0.647
−0.248
0.010
−1.041
−0.911

NL3
−0.439
0.905
−0.745
1.535
−1.891
7.200
−4.997
8.423
0.672
−0.021
−0.027
−1.607
−1.403

An MLP with {1 − 4 − 1} architecture was chosen for this
purpose. During training, the values of VN0 corresponding
to 0, 60, 120, 180, and 250◦ C were chosen as the training set
(the same temperature values were also used for training the
P-NN). The input and desired output of the T-NN were the
values of VN0 and TN , respectively (see Figure 2b).
The initial values of both α and β were chosen as 0.7. The
updating of the weights was carried out using the BP algorithm with a variable learning parameter over 200 000 iterations. Using a Pentium 4, 2.8 GHz machine, it took only 2
seconds to train the MLP with 200 000 iterations. The four
sets of the final weights (WT ) corresponding to the linear
and the three nonlinear forms of interaction are tabulated
in Table 3.
Testing of the T-NN was carried out after loading the
stored weights into the network. The VN0 was varied from
0.35 to 0.55 with an increment of 0.001 and then fed to the
MLP. The output of the T-NN and the true value of the normalized temperature were compared to verify eﬀectiveness of
the model.
5.

RESULTS AND DISCUSSIONS

Here, we provide the performance results of the simulation
study for the estimation of the applied pressure and the ambient temperature.
5.1.

4.3. Training and testing of the T-NN

NL0
−2.277
4.070
2.850
−4.611
−3.558
5.640
−4.577
13.670
2.193
−0.137
0.490
−1.208
−3.213

Estimation of pressure

The true pressure and the pressure estimated by the MLP
model at diﬀerent values of temperature taken from the test
set for the linear (NL0) and the three nonlinear forms (NL1–
NL3) are plotted in Figure 5. Here, diﬀerent symbols represent the true normalized pressure, while the dotted lines denote the estimated pressure. It may be noted that the P-NN
has not seen the sensor characteristics for the temperature
values of the test set. From this figure, it may be observed

Estimated and true normalized pressure
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Figure 5: True response characteristics and the pressure estimated by the P-NN model of the CPS operating at diﬀerent temperatures (0, 25,
80, 150, and 250◦ C) with linear and three forms of nonlinear dependencies. (a) NL0. (b) NL1. (c) NL2. (d) NL3.

that the MLP is capable of estimating the applied pressure
accurately for the full range of applied pressure from 0.0 to
0.6. It is also capable of predicting the applied pressure for
the range beyond 0.6, although the network was not trained
for this range of PN .
The full-scale (FS) percent error was computed as one
hundred times the diﬀerence between the true pressure and
the estimated pressure. The FS error at 0◦ C, 80◦ C, 150◦ C,
and 250◦ C with the applied pressure varying from 0.0 to 0.6
for the four forms of temperature dependencies are plotted in Figure 6. Next, in Figure 7, we plotted the FS error
for the whole temperature range from 0◦ C to 250◦ C, at specific values of applied pressure (i.e., PN = 0.1, 0.4, and 0.6),

for NL0 and NL1–NL3. The maximum FS error for the linear form NL0 remains within ±0.75%, whereas, in the case
of the three nonlinear forms, the maximum FS error remains
within ±1.0%.
5.2. Estimation of temperature
Plots of true temperature and the estimated temperature as
a function of VN0 for the linear (NL0) and the three nonlinear forms (NL1–NL3) are shown in Figure 8. Here, the “dark
dots” represent the true temperature and the dotted lines
represent the temperature estimated by the T-NN model.
Close agreement between the two values is evident from these
plots.
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Figure 6: Full-scale percent error between the true and the estimated pressures at specific temperatures (0, 80, 150, and 250◦ C) with linear
and three forms of nonlinear dependencies. (a) NL0. (b) NL1. (c) NL2. (d) NL3.

The FS percent error in estimation of the temperature for
the four cases are plotted in Figure 9. For the whole range
of temperature variation from 0◦ C to 250◦ C, the maximum
FS error remains within ±1% for NL0, NL2, and NL3, and
within ±2% for NL1. From these observations, eﬀective performance of the T-NN is evident. Even though CN0 varies
nonlinearly with temperature in diﬀerent forms of nonlinear dependencies, the T-NN is able to estimate the ambient
temperature accurately.
From the above findings, it may be concluded that the
performance of the MLP model for the estimation of the applied pressure is excellent for the linear form of influence,
and satisfactory for the three forms of nonlinear influences
of temperature. In a similar application reported by Arpaia et
al. [18], an MLP with 43 hidden layer nodes was used and a

maximum error of ±2.4% was obtained. In the present study,
we have achieved a maximum error of only ±1.0% with a
small-sized MLP of {2 − 4 − 1} architecture (with only 17
weights). This is possible due to careful training of the MLP
with the following strategies: (i) proper selection of initial
learning rate and the momentum factor, (ii) use of a variable
learning parameter (11), and (iii) application of randomly
selected patterns from the training set.
The novelty of the proposed scheme is that even though
the MLP was trained with patterns taken from only five temperature values (0, 60, 120, 180, and 240◦ C), it is capable of
estimating the applied pressure accurately when the ambient temperature varies from 0◦ C to 250◦ C. Thus, the model
is capable of eﬀectively nullifying the nonlinear influence of
the temperature on the CPS characteristics.
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Figure 7: Full-scale percent error between the true and estimated pressures at specific normalized pressures (PN = 0.1, 0.4, and 0.6) for the
full range of variation of the ambient temperature. (a) NL0. (b) NL1. (c) NL2. (d) NL3.

6.

AN INTERPOLATION SCHEME

Pereira et al. [11] have made extensive study on the relative performance of diﬀerent methods in fitting a curve
to sensor’s dataset. Their dataset is one dimensional, that
is, the sensor output (pressure readout) is a function of
the SCI output. Using diﬀerent interpolation methods, for
example, Newton’s, splines, polynomial, and NNs, they
showed that the NN-based interpolation scheme outperforms other methods. When the data set is highly nonlinear, the NN-based scheme usually performs much better than the other methods. The main advantage of the
NN-based curve fitting is its excellent extrapolation capa-

bility due to nonlinear processing of multivariate data. After successful training of the NN, it provides lower errors outside the calibration range of the sensor than the
polynomial extrapolation. Relative performance of diﬀerent methods of curve-fitting techniques are provided in
Table 4 (taken from [11]). Here, the “Poly. Degree” values
for the NN row correspond to the number of hidden layer
nodes.
We present a polynomial-based interpolation scheme of
data fitting of 2D sensor data, and compare its performance
with the NN-based model. Here, the sensor data has two independent variables: ambient temperature (x1 ) and normalized SCI output (x2 ), and the output variable is the estimated
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Figure 8: The true temperature and the estimated temperature by the T-NN model with linear and three forms of nonlinear dependencies.
(a) NL0. (b) NL1. (c) NL2. (d) NL3.

pressure (y). Let the polynomial model of the sensor be given
by
y = a0 +

J

j =1

j

a j x1 +

J

j =1

j

b j x2 +

J
−1

j

c jk x1 x2k ,

(12)

j =1, k=1, j+k≤J

where J is the polynomial degree, and a j , b j , and c jk are
the coeﬃcients of the model to be determined. The dataset
consists of 13 × 5 measurement points corresponding to
13 measurements for each of the five temperature values of
0, 60, 120, 180, and 240◦ C. Using Gauss-Newton method,
the training data was fitted with the polynomial model.
The coeﬃcients of the model are estimated by least squares
method.

The average mean square error (MES) between the true
and estimated pressures is defined as
MSEavg =

Ntrgset Ndatpts
2
1   
Ptru ( j, k) − Pest ( j, k) ,
Ntd j =1 k=1

(13)

where Ntd = Ntrgset × Ndatpts , Ntrgset = 5 for the five temperature values, Ndatpts = 13 for the thirteen measurements,
Ptru is the true pressure, and Pest is the estimated pressure by
the model. The MSEavg in dB for diﬀerent degrees of polynomial model and the P-NN model (using Table 2) were computed and are tabulated in Table 5. The values in the last row
of this table indicate the number of coeﬃcients/weights in
the model. It can be seen that the MSEavg improves as the
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Table 4: Relative performances of diﬀerent methods in fitting a curve to a dataset. The “Poly. deg.” values for the NN row correspond to the
number of hidden layer nodes (taken from [11]).
Methods

No. of points
10
15
10
15
10
15
10
15

Newton’s
Splines
Polynomial
NN

Max. rel. error(%)
11.5
31.2
14.2
11.6
11.5
9.6
4.8
4.5

Table 5: The MSEavg for diﬀerent degrees of the polynomial model
and the NN model with Ntrgset = 5. The last-row values indicate the
number of coeﬃcients/weights in the model.
NL form
NL0
NL1
NL2
NL3

J =3
−43.40
−41.92
−46.87
−45.17

J =4
−45.35
−44.75
−46.72
−46.07

J =5
−46.99
−46.77
−46.51
−46.55

−51.83
−49.67
−50.42
−49.73

10

15

21

17

NN model

degree of the polynomial model is increased. However, for
J > 5, there is no substantial improvement in the MSEavg
of the polynomial model. The MSEavg for the P-NN model
is found to be less than that of the polynomial model for the
linear (NL0) and the three nonlinear temperature dependencies (NL1–NL3).

Poly. deg.
9
14
3
3
9
9
6
5

σ ×10−2
1.7
5.6
2.3
1.7
1.8
1.3
0.96
1.0

The estimated coeﬃcients for the linear (NL0) and the
three nonlinear temperature dependencies (NL1–NL3) for
the polynomial model of degree of five (J = 5 with 21 coeﬃcients) are provided in Table 6. All subsequent comparisons
are made based on this polynomial model.
The FS percent error for the polynomial model (J = 5) at
specific normalized pressure values covering the entire temperature range are plotted in Figure 10. Similar plots for the
P-NN model are shown in Figure 7. Comparing these two
figures, one can see that the FS percent error for the P-NN
model is less than that of the polynomial model for the linear
(NL0) and the three nonlinear dependencies (NL1–NL3).
As stated earlier, the prime advantage of the NN model is
its superior extrapolation capability compared to other models. To study the extrapolation capability, we carried out several experiments with the NN model and the polynomial
interpolation model using the linear (NL0) and nonlinear
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Table 6: The estimated coeﬃcients of the polynomial model
(Ntrgset = 5 and J = 5) for linear (NL0) and three nonlinear temperature dependencies (NL1–NL3).
Coeﬃcients
a0
a1
a2
a3
a4
a5
b1
b2
b3
b4
b5
c11
c21
c12
c31
c22
c13
c41
c32
c23
c14

NL0

NL1

NL2

NL3

−6.769

−7.169

−6.115

−6.264

6.131

6.128

3.762

5.280

−1.048
−0.065

−2.124

−0.905

0.750
1.197
−0.547
22.918
−14.165
−10.570
6.349
4.168
−16.023
1.124
4.642
−4.175
9.150
14.949
0.122
2.385
−8.381
−9.982

0.458
0.619
−0.322
18.131
−8.085
−9.516
0.109
6.886
−7.766
1.411
−0.509
−2.052
0.494
6.551
0.111
1.475
−0.843
−1.621

−0.271
−0.238

0.371
−0.158
21.018
−11.521
−10.327
3.417
5.699
−16.218
−0.480
5.169
−0.471
7.691
13.921
0.036
0.152
−6.580
−9.029

0.006
−0.085

18.659
−8.437
−9.837

0.225
7.092
−13.322
−0.658
3.443
0.637
3.641
10.717
0.338
−0.747
−2.712
−5.865

(NL1–NL3) temperature dependencies. From the original
training dataset, the 13 data points corresponding to 240◦ C
were removed. Thus, the training data consists of 13 × 4 data
points corresponding to 13 data points from each of 0, 60,
120, and 180◦ C (Ntrgset = 4).
The NN model, P-NN, was trained with these datasets
and a set of weights were obtained for each of the linear
(NL0) and nonlinear dependencies (NL1–NL3). Similarly,
with a polynomial degree of 5 (J = 5), a set of coeﬃcients
of the polynomial model were estimated by using GaussNewton method with least squares (for NL0–NL3). The applied pressure was estimated by the P-NN model and the
polynomial model using P-NN weights and polynomial coeﬃcients, respectively. The FS error between the true and
the estimated pressures at specific temperature values of
210, 220, 230, and 240◦ C for the linear (NL0) and nonlinear temperature dependencies (NL1–NL3) are plotted in
Figure 11. In this figure, the top row corresponds to the NN
model and the bottom row corresponds to the polynomial
model.
It may be noted that both the P-NN model and the polynomial model have seen data covering only temperatures
from 0◦ C to 180◦ C. From Figure 11, superior performance
of the P-NN model over the polynomial model for temperature range of 210◦ C–240◦ C is evident. In particular, for the
linear dependency (NL0), the FS error of the P-NN model
remains within ±1% (similar to that of the previous case).
However, for nonlinear dependencies (NL1–NL3), the maximum FS error remains between +5% and −2%. On the other
hand, in the case of the polynomial model, as the tempera-

ture increases from 210◦ C to 240◦ C, the FS error increases
from −3% to −10% for the linear dependency (NL0). The
performance for NL1 is the worst for the polynomial model.
As the temperature increases from 210◦ C to 230◦ C, the FS error increases from −5% to −12%, and it becomes more than
−15% at 240◦ C. For NL2 and NL3, the maximum FS error
remains within −13% and −8%, respectively.
Performance comparison between the P-NN model and
the polynomial model for the entire range of temperature at specific values of normalized pressure are plotted in
Figure 12. In this figure, the top row corresponds to the P-NN
model while the bottom row corresponds to the polynomial
model. Superior extrapolation capability of the P-NN model
is evident in this figure. For the entire range of temperature
(0◦ C − 250◦ C), the FS error for linear dependency (NL0) remains within ±1% for the P-NN model. For the temperature
range from 0◦ C to 200◦ C, the FS error is larger in the polynomial model compared to that in the P-NN model. Beyond
200◦ C, the performance of the polynomial model is much
worse than the P-NN model for the linear and nonlinear dependencies (NL0–NL3).
The average MSE, MSEavg , in dB was computed for the PNN model and the polynomial interpolation model (Ntrgset =
4 and J = 5) and are provided in Table 7. For the temperature
range from 0◦ C−250◦ C, in comparison to Table 5 (Ntrgset = 5
and J = 5), a substantial degradation of MSEavg can be seen
for the polynomial model. On the other hand, although there
is a degradation for the NN model, it is not severe. In particular, in the case of the P-NN model there is not much change
in the MSEavg for the linear dependency (NL0) compared
with the previous case (Table 5).
For the temperature range from 0◦ C − 200◦ C, the MSEavg
is comparable to that of Table 5 for both the P-NN and polynomial models. This fact indicates that the performance of
the polynomial model is satisfactory for interpolation, but
its performance severely deteriorates in the case of extrapolation, whereas the performance of the NN model is found
to be superior than the polynomial model for both interpolation and extrapolation of the sensor data.
7.

AN IMPLEMENTATION SCHEME

Due to the rapid decrease in unit cost and fast increase in onchip capabilities, MCUs have been used in various intelligent
embedded systems. An implementation scheme of the MLPbased CPS model using an MCU is depicted in Figure 13.
The SCI converts the change in capacitance of the CPS due
to the applied pressure into an equivalent voltage level. This
analog SCI output voltage is passed through an analog-todigital converter (ADC). The digital temperature information is similarly obtained from the knowledge of VN0 (i.e.,
the SCI output when the applied pressure is zero). During
the training phase, the CPS is operated at a controled temperature and the data pairs are collected for the training set
data. These training data are fed to a personal computer (PC)
connected to the MCU for the training of the MLP-based
model. After completion of the training, the weights of the
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Figure 10: Full-scale percent error between the true and estimated pressures for the polynomial model (J = 5) at specific normalized
pressures (PN = 0.1, 0.4, and 0.6) with full range of variation of the ambient temperature. (a) NL0. (b) NL1. (c) NL2. (d) NL3.

MLP are stored in the EEPROM of the MCU. With the available hardware, such as adders and multipliers of the MCU,
the MLP-based model can be implemented and the digital
readout of the applied pressure can be displayed through the
bus interface circuit.
To estimate the ambient temperature from the sensor
characteristics itself, we propose the following scheme. In
practical use of a CPS, there is only one output signal (the
SCI output VN ) corresponding to the measurand (applied
pressure). Therefore, appropriate provisions are to be made
to obtain the signals separately for estimation of the temperature and the pressure. The online estimation of pressure using the NN-based scheme can be carried out in a measure-

ment phase which consists of one t est and one p est cycle. In the t est cycle, the ambient temperature is estimated,
whereas in the p est cycle the applied pressure is estimated.
During t est cycle, provision is made to separate the CPS
from the applied pressure, and the SCI output VN0 corresponding to the zero pressure is then recorded. From the
knowledge of VN0 , the ambient temperature can be estimated
using the T-NN. Next, during the p est cycle, the pressure
is applied to the CPS, and the SCI output VN is recorded.
Now, using the recorded values of VN0 and VN , the applied
pressure can be estimated using the NN models as shown in
Figure 2c. Appropriate control and logic circuits are to be
incorporated with the MCU for this measurement scheme.
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Figure 11: Full-scale percent error between the true and estimated pressures at specific temperatures (210, 220, 230, and 240◦ C) with
diﬀerent forms of nonlinear dependencies. (a) and (e) NL0; (b) and (f) NL1; (c) and (g) NL2; and (d) and (h) NL3. The top row corresponds
to the NN model and the bottom row corresponds to the polynomial model (J = 5). Both models were trained with Ntrgset = 4.

However, if the environmental temperature variation is not
frequent, then the t est cycle need not be carried out in each
measurement phase, but only at regular intervals. The estimated temperature of the preceding t est cycle (saved in the
RAM of the MCU) can be used to estimate the applied pressure in the current measurement phase.
8.

CONCLUSIONS

Smart sensors operating in harsh environments should be
capable of providing accurate readout and autocompensation of the nonlinear influence of the environmental parameters on its response characteristics. For this purpose,
we have proposed a novel NN-based technique for mod-

eling a CPS operating in a harsh environment in which
the temperature can vary from 0 to 250◦ C. Using a variable learning rate BP algorithm and taking random samples during training, a highly eﬀective NN-based CPS model
was obtained. A compact MLP of {2 − 4 − 1} architecture (with only 17 weights) is capable of providing accurate pressure readout. Using a second MLP, we presented
a novel scheme to estimate the ambient temperature from
the knowledge of the sensor characteristics itself, thus, eliminating the need for a separate temperature sensor. We have
shown the eﬀectiveness of the model in diﬀerent forms of
nonlinear influence of the ambient temperature on the pressure sensor characteristics with computer-simulated experiments.

EURASIP Journal on Applied Signal Processing
6

6

4

4

4

4

2

0

−2

2

−2

100
200
Temperature (◦ C)

2

0

0

0.1
0.4
0.6

0

−2

100
200
Temperature (◦ C)

0

100
200
Temperature (◦ C)

0.1
0.4
0.6
(a)

−2

0

0.1
0.4
0.6
(c)

(d)

5

5

0

0

0

0

−10

−15

−5

−10

0

100
200
Temperature (◦ C)
0.1
0.4
0.6

−15

−5

−10

0

100
200
Temperature (◦ C)

−15

0.1
0.4
0.6
(e)

FS error (%)

5

FS error (%)

5

−5

100
200
Temperature (◦ C)

0.1
0.4
0.6
(b)

FS error (%)

FS error (%)

2

0

0

FS error (%)

6

FS error (%)

6

FS error (%)

FS error (%)

572

−10

0

100
200
Temperature (◦ C)
0.1
0.4
0.6

(f)

−5

−15

0

100
200
Temperature (◦ C)
0.1
0.4
0.6

(g)

(h)

Figure 12: Full-scale percent error between the true and the estimated pressures at specific normalized pressures (PN = 0.1, 0.4, and 0.6) for
the full range of variation of the ambient temperature. (a) and (e) NL0; (b) and (f) NL1; (c) and (g) NL2; and (d) and (h) NL3. The top row
corresponds to the NN model and the bottom row corresponds to the polynomial model (J = 5). Both models were trained with Ntrgset = 4.
Table 7: The MSEavg for the polynomial model (Ntrgset = 4 and J = 5) and the NN model with linear (NL0) and the three nonlinear
temperature dependencies (NL1–NL3).
NL form
NL0
NL1
NL2
NL3

Temperature 0–250◦ C
Poly. model
NN model
−30.01
−50.17
−25.02
−42.66
−28.11
−38.07
−34.70
−46.12

The performance of the NN model was compared with
that of a polynomial interpolation scheme with a poly-

Temperature 0–200◦ C
Poly. model
NN model
−45.33
−51.48
−42.97
−49.67
−44.87
−50.93
−46.19
−50.45

nomial degree of five (21 coeﬃcients). It is shown that
the NN-based model outperforms the polynomial model,
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Figure 13: A scheme of a MCU-based implementation of the pressure sensor NN model.

especially for extrapolation of data. A scheme for an MCUbased implementation of the proposed NN-based models is
also provided. Such NN-based models may be applied to
other types of sensors to incorporate intelligence in terms of
mitigating the nonlinear dependency of their response characteristics on the environmental parameters.
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Special Issue on
Advanced Video Technologies and Applications
for H.264/AVC and Beyond
Call for Papers
The recently developed video coding standard H.264/MPEG4 AVC significantly outperforms previous standards in terms
of coding eﬃciency at reasonable implementation complexity and costs in VLSI realization. Real-time H.264 coders will
be available very soon. Many applications, such as surveillance systems with multiple video channel recording, multiple channel video services for mobile devices, will benefit
from the H.264 coder due to its excellent coding eﬃciency.
The new video coding technology introduces new opportunities for video services and applications. However, advanced
video coding is only one aspect for successful video services and applications. To enable successful new applications,
additional technologies to cope with time-varying channel
behaviors and diverse usage characteristics are needed. For
serving multiple videos, some extended designs such as joint
rate-distortion optimization and scheduling of multiple parallel video sessions are also required to achieve fair and robust video storage and delivery. For video surveillance systems, intelligent video content analysis and scalabilities in
video quality, resolution, and display area, coupled with
wireless transmission, can oﬀer new features for the application. Finally, computational complexity reduction and lowpower design of video codecs as well as content protection of
video streams are particularly important for mobile devices.
The goal of this special issue is to discuss state-of-the-art
techniques to enable various video services and applications
on H.264/AVC technologies and their new developments.
Topics of interest include (but are not limited to):
•
•
•
•
•
•
•
•
•

Video over DVB-H
Error resilience of video over mobile networks
Video delivery in multiuser environments
Rate-distortion optimization for multiple video
sources
Multipath delivery of video streams
Optimization of video codecs for quality improvement and power reduction
Security and content protection of video streams
Transcoding techniques
Scalable video

• Other advanced video coding technologies
• Video quality measures
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Special Issue on
Advances in Blind Source Separation
Call for Papers
Almost every multichannel measurement includes mixtures
of signals from several underlying sources. While the structure of the mixing process may be known to some degree,
other unknown parameters are necessary to demix the measured sensor data. The time courses of the source signals
and/or their locations in the source space are often unknown
a priori and can only be estimated by statistical means. In the
analysis of such measurements, it is essential to separate the
mixed signals before beginning postprocessing.
Blind source separation (BSS) techniques then allow separation of the source signals from the measured mixtures.
Many BSS problems may be solved using independent component analysis (ICA) or alternative approaches such as
sparse component analysis (SCA) or nonnegative matrix factorization (NMF), evolving from information theoretical assumptions that the underlying sources are mutually statistically independent, sparse, smooth, and/or nonnegative.
The aim of this special issue is to focus on recent developments in this expanding research area.
The special issue will focus on one hand on theoretical approaches for single- and multichannel BSS, evolving from information theory, and especially on nonlinear blind source
separation methods, and on the other hand or their currently
ever-widening range of applications such as brain imaging,
image coding and processing, dereverberation in noisy environments, and so forth.
Authors should follow the EURASIP JASP manuscript
format described at http://www.hindawi.com/journals/asp/.
Prospective authors should submit an electronic copy of
their complete manuscript through the EURASIP JASP manuscript tracking system at http://www.mstracking.com/asp/,
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Special Issue on
Tracking in Video Sequences of Crowded Scenes
Call for Papers
Object tracking in live video is an enabling technology that is
in strong demand by large application sectors, such as video
surveillance for security and behavior analysis, traﬃc monitoring, sports analysis for enhanced TV broadcasting and
coaching, and human body tracking for human-computer
interaction and movie special eﬀects.
Many techniques and systems have been developed and
demonstrated for tracking objects in video sequences. The
specific goal of this special issue is to provide a status report
regarding the state of the art in object tracking in crowded
scenes based on the video stream(s) of one or more cameras.
The objects can be people, animals, cars, and so forth. The
cameras can be fixed or moving. Moving cameras may pan,
tilt, and zoom in ways that may or may not be communicated
to the tracking system.
All papers submitted must address at least the following
two issues:
• Processing of live video feeds

For many applications in surveillance/security and TV sports
broadcasting, the results of processing have value only if
they can be provided to the end user within an applicationdefined delay. The submitted papers should present algorithms that are plausibly applicable to such incremental
(“causal”) processing of live video feeds, given suitable hardware.
• Handling of crowded scenes

Crowded-scene situations range from relatively simple (e.g.,
players on a planar field in a soccer match) to very diﬃcult (e.g., crowds on stairs in an airport or a train station).
The central diﬃculties in crowded scenes arise from the constantly changing occlusions of any number of objects by any
number of other objects.
Occlusions can be resolved to some degree using a single video stream. However, many situations of occlusion are
more readily resolved by the simultaneous use of several
cameras separated by wide baselines. In addition to resolving ambiguities, multiple cameras also ease the exploitation
of 3D structure, which can be important for trajectory estimation or event detection.

Topics of interest include principles and evaluation of relevant end-to-end systems or important components thereof,
including (but not limited to):
• Handling of occlusions in the image plane in single-

camera scenarios
• Handling of occlusions in a world coordinate system
•
•
•
•
•

(3D, possibly degenerated to 2D) in single- or multicamera scenarios
Fusion of information from multiple cameras and
construction of integrated spatiotemporal models of
dynamic scenes
3D trajectory estimation
Tracking of multiple rigid, articulated, or nonrigid
objects
Automatic recovery of camera pose from track data
Detection and recognition of events involving multiple objects (e.g., oﬀside in soccer)

Papers must present a thorough evaluation of the performance of the system or method(s) proposed in one or more
application areas such as video surveillance, security, sports
analysis, behavior analysis, or traﬃc monitoring.
Authors should follow the EURASIP JASP manuscript
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Prospective authors should submit an electronic copy of
their complete manuscript through the EURASIP JASP manuscript tracking system at http://www.mstracking.com/asp/,
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Special Issue on
Advances in Subspace-Based Techniques for
Signal Processing and Communications
Call for Papers
Subspace-based techniques have been studied extensively
over the past two decades and have proven to be very powerful for estimation and detection tasks in many signal processing and communications applications. Such techniques
were initially investigated in the context of super-resolution
parametric spectral analysis and the related problem of direction finding. During the past decade or so, new potential applications have emerged, and subspace methods have
been proposed in several diverse fields such as smart antennas, sensor arrays, system identification, time delay estimation, blind channel estimation, image segmentation, speech
enhancement, learning systems, and so forth.
Subspace-based methods not only provide new insight
into the problem under investigation but they also oﬀer a
good trade-oﬀ between achieved performance and computational complexity. In most cases they can be considered as
low cost alternatives to computationally intensive maximum
likelihood approaches.
The interest of the signal processing community in
subspace-based schemes remains strong as is evident from
the numerous articles and reports published in this area each
year. Research eﬀorts are currently focusing on the development of low-complexity adaptive implementations and their
eﬃcient use in applications, numerical stability, convergence
analysis, and so forth.
The goal of this special issue is to present state-of-the-art
subspace techniques for modern applications and to address
theoretical and implementation issues concerning this useful
methodology.
Topics of interest include (but are not limited to):
• Eﬃcient and stable subspace estimation and tracking
•
•
•
•
•
•
•

methods
Subspace-based detection techniques
Sensor array signal processing
Smart antennas
Space-time, multiuser, multicarrier communications
System identification and blind channel estimation
State-space model estimation and change detection
Learning and classification

• Speech processing (enhancement, recognition)
• Biomedical signal processing
• Image processing (face recognition, compression,

restoration)
Authors should follow the EURASIP JASP manuscript
format described at http://www.hindawi.com/journals/asp/.
Prospective authors should submit an electronic copy of
their complete manuscript through the EURASIP JASP manuscript tracking system at http://www.mstracking.com/asp/,
according to the following timetable:

Manuscript Due

October 1, 2005
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Special Issue on
Image Perception
Call for Papers
Perception is a complex process that involves brain activities
at diﬀerent levels. The availability of models for the representation and interpretation of the sensory information opens
up new research avenues that cut across neuroscience, imaging, information engineering, and modern robotics.
The goal of the multidisciplinary field of perceptual signal
processing is to identify the features of the stimuli that determine their “perception,” namely “a single unified awareness
derived from sensory processes while a stimulus is present,”
and to derive associated computational models that can be
generalized.
In the case of vision, the stimuli go through a complex
analysis chain along the so-called “visual pathway,” starting with the encoding by the photoreceptors in the retina
(low-level processing) and ending with cognitive mechanisms (high-level processes) that depend on the task being
performed.
Accordingly, low-level models are concerned with image
“representation” and aim at emulating the way the visual
stimulus is encoded by the early stages of the visual system as
well as capturing the varying sensitivity to the features of the
input stimuli; high-level models are related to image “interpretation” and allow to predict the performance of a human
observer in a given predefined task.
A global model, accounting for both such bottom-up and
top-down approaches, would enable the automatic interpretation of the visual stimuli based on both their low-level features and their semantic content.
Among the main image processing fields that would take
advantage of such models are feature extraction, contentbased image description and retrieval, model-based coding,
and the emergent domain of medical image perception.
The goal of this special issue is to provide original contributions in the field of image perception and modeling.
Topics of interest include (but are not limited to):
• Perceptually plausible mathematical bases for the

representation of visual information (static and dynamic)
• Modeling nonlinear processes (masking, facilitation)
and their exploitation in the imaging field (compression, enhancement, and restoration)

• Beyond early vision: investigating the pertinence and

potential of cognitive models (feature extraction, image quality)
• Stochastic properties of complex natural scenes
(static, dynamic, colored) and their relationships with
perception
• Perception-based models for natural (static and dynamic) textures. Theoretical formulation and psychophysical validation
• Applications in the field of biomedical imaging (medical image perception)
Authors should follow the EURASIP JASP manuscript
format described at http://www.hindawi.com/journals/asp/.
Prospective authors should submit an electronic copy of their
complete manuscripts through the EURASIP JASP manuscript tracking system at http://www.mstracking.com/asp/,
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Special Issue on
Music Information Retrieval Based on Signal Processing
Call for Papers
The main focus of this special issue is on the application of
digital signal processing techniques for music information
retrieval (MIR). MIR is an emerging and exciting area of research that seeks to solve a wide variety of problems dealing
with preserving, analyzing, indexing, searching, and accessing large collections of digitized music. There are also strong
interests in this field of research from music libraries and the
recording industry as they move towards digital music distribution. The demands from the general public for easy access
to these music libraries challenge researchers to create tools
and algorithms that are robust, small, and fast.
Music is represented in either encoded audio waveforms
(CD audio, MP3, etc.) or symbolic forms (musical score,
MIDI, etc.). Audio representations, in particular, require robust signal processing techniques for many applications of
MIR since meaningful descriptions need to be extracted
from audio signals in which sounds from multiple instruments and vocals are often mixed together. Researchers in
MIR are therefore developing a wide range of new methods based on statistical pattern recognition, classification,
and machine learning techniques such as the Hidden Markov
Model (HMM), maximum likelihood estimation, and Bayes
estimation as well as digital signal processing techniques such
as Fourier and Wavelet transforms, adaptive filtering, and
source-filter models. New music interface and query systems
leveraging such methods are also important for end users to
benefit from MIR research.
Although research contributions on MIR have been published at various conferences in 1990s, the members of the
MIR research community meet annually at the International
Conference on Music Information Retrieval (ISMIR) since
2000.
Topics of interest include (but are not limited to):

•
•
•
•

Music understanding
Musical feature extraction
Musical styles and genres
Optical music score recognition (image to symbolic
format conversion)
• Performer/artist identification
• Query systems
• Timbre/instrument recognition
Authors should follow the EURASIP JASP manuscript
format described at http://www.hindawi.com/journals/asp/.
Prospective authors should submit an electronic copy of their
complete manuscripts through the EURASIP JASP manuscript tracking system at http://www.mstracking.com/asp/,
according to the following timetable:
Manuscript Due
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Final Manuscript Due
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• Automatic summarization (succinct representation of

music)
• Automatic transcription (audio to symbolic format
•
•
•
•

conversion)
Music annotation (semantic analysis)
Music fingerprinting (unique identification of music)
Music interface
Music similarity metrics (comparison)
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Special Issue on
Visual Sensor Networks
Call for Papers
Research into the design, development, and deployment
of networked sensing devices for high-level inference and
surveillance of the physical environment has grown tremendously in the last few years.
This trend has been motivated, in part, by recent technological advances in electronics, communication networking,
and signal processing.
Sensor networks are commonly comprised of lightweight
distributed sensor nodes such as low-cost video cameras.
There is inherent redundancy in the number of nodes deployed and corresponding networking topology. Operation
of the network requires autonomous peer-based collaboration amongst the nodes and intermediate data-centric processing amongst local sensors. The intermediate processing
known as in-network processing is application-specific. Often, the sensors are untethered so that they must communicate wirelessly and be battery-powered. Initial focus was
placed on the design of sensor networks in which scalar phenomena such as temperature, pressure, or humidity were
measured.
It is envisioned that much societal use of sensor networks
will also be based on employing content-rich vision-based
sensors. The volume of data collected as well as the sophistication of the necessary in-network stream content processing provide a diverse set of challenges in comparison with
generic scalar sensor network research.
Applications that will be facilitated through the development of visual sensor networking technology include automatic tracking, monitoring and signaling of intruders within
a physical area, assisted living for the elderly or physically disabled, environmental monitoring, and command and control of unmanned vehicles.
Many current video-based surveillance systems have centralized architectures that collect all visual data at a central location for storage or real-time interpretation by a human operator. The use of distributed processing for automated event detection would significantly alleviate mundane
or time-critical activities performed by human operators,
and provide better network scalability. Thus, it is expected
that video surveillance solutions of the future will successfully utilize visual sensor networking technologies.

Given that the field of visual sensor networking is still in
its infancy, it is critical that researchers from the diverse disciplines including signal processing, communications, and
electronics address the many challenges of this emerging
field. This special issue aims to bring together a diverse set
of research results that are essential for the development of
robust and practical visual sensor networks.
Topics of interest include (but are not limited to):
• Sensor network architectures for high-bandwidth vi-

sion applications
• Communication networking protocols specific to vi-

sual sensor networks
• Scalability, reliability, and modeling issues of visual

sensor networks
• Distributed computer vision and aggregation algo-

rithms for low-power surveillance applications
• Fusion of information from visual and other modali•
•
•
•
•

ties of sensors
Storage and retrieval of sensor information
Security issues for visual sensor networks
Visual sensor network testbed research
Novel applications of visual sensor networks
Design of visual sensors

Authors should follow the EURASIP JASP manuscript
format described at http://www.hindawi.com/journals/asp/.
Prospective authors should submit an electronic copy of their
complete manuscripts through the EURASIP JASP manuscript tracking system at http://www.mstracking.com/asp/,
according to the following timetable:
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Special Issue on
Multirate Systems and Applications
Call for Papers
Filter banks for the application of subband coding of speech
were introduced in the 1970s. Since then, filter banks and
multirate systems have been studied extensively. There has
been great success in applying multirate systems to many applications. The most notable of these applications include
subband coding for audio, image, and video, signal analysis and representation using wavelets, subband denoising,
and so forth. Diﬀerent applications also call for diﬀerent filter bank designs and the topic of designing one-dimensional
and multidimentional filter banks for specific applications
has been of great interest.
Recently there has been growing interest in applying multirate theories to the area of communication systems such as,
transmultiplexers, filter bank transceivers, blind deconvolution, and precoded systems. There are strikingly many dualities and similarities between multirate systems and multicarrier communication systems. Many problems in multicarrier
transmission can be solved by extending results from multirate systems and filter banks. This exciting research area is
one that is of increasing importance.
The aim of this special issue is to bring forward recent developments on filter banks and the ever-expanding area of
applications of multirate systems.
Topics of interest include (but are not limited to):
• Multirate signal processing for communications
• Filter bank transceivers
• One-dimensional and multidimensional filter bank
•
•
•
•
•
•
•

designs for specific applications
Denoising
Adaptive filtering
Subband coding
Audio, image, and video compression
Signal analysis and representation
Feature extraction and classification
Other applications
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Special Issue on
Signal Processing with High Complexity:
Prototyping and Industrial Design
Call for Papers
Some modern applications require an extraordinary large
amount of complexity in signal processing algorithms. For
example, the 3rd generation of wireless cellular systems is expected to require 1000 times more complexity when compared to its 2nd generation predecessors, and future 3GPP
standards will aim for even more number-crunching applications. Video and multimedia applications do not only drive
the complexity to new peaks in wired and wireless systems
but also in personal and home devices. Also in acoustics,
modern hearing aids or algorithms for de-reverberation of
rooms, blind source separation, and multichannel echo cancelation are complexity hungry. At the same time, the anticipated products also put on additional constraints like size
and power consumption when mobile and thus battery powered. Furthermore, due to new developments in electroacoustic transducer design, it is possible to design very small
and eﬀective loudspeakers. Unfortunately, the linearity assumption does not hold any more for this kind of loudspeakers, leading to computationally demanding nonlinear cancelation and equalization algorithms.
Since standard design techniques would either consume
too much time or do not result in solutions satisfying all
constraints, more eﬃcient development techniques are required to speed up this crucial phase. In general, such developments are rather expensive due to the required extraordinary high complexity. Thus, de-risking of a future product
based on rapid prototyping is often an alternative approach.
However, since prototyping would delay the development, it
often makes only sense when it is well embedded in the product design process. Rapid prototyping has thus evolved by
applying new design techniques more suitable to support a
quick time to market requirement.
This special issue focuses on new development methods for applications with high complexity in signal processing and on showing the improved design obtained by such
methods. Examples of such methods are virtual prototyping, HW/SW partitioning, automatic design flows, float to fix
conversions, automatic testing and verification, and power
aware designs.
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