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In recent years, machine intelligence has become a well-
established research area and attracted a number of research-
ers in many science and engineering fields, for example,
robotics, artificial intelligence, big data, IoT, and smart things.
Many communities such as signal processing, intelligent
sensing, image/video processing, computer vision, machine
learning, deep learning, transfer learning, extreme learning
machine, and representational learning are playing important
role in machine intelligence [1–4]. The common goal is to
develop new techniques and algorithms for making more
intelligent things that can provide more comfortable living
conditions for the world.

In general, conventional machine intelligence includes
three phases, such as signal sensing, signal processing, and
signal recognition, which are also termed as low-level acqui-
sition, middle-level representation, and high-level analysis.
Beyond the conventional intelligence, artificial intelligence
also integrates the elements of rich big data, high computa-
tional ability, efficient learning algorithms, Internet, and
chips. Learning algorithms play a critical role in AI develop-
ments. A number of researchers from different fields, such as
computer vision, natural language processing, remote sens-
ing, medical diagnosis, smart grid, and system control, have
been attracted by the popular deep learning algorithms. Fur-
ther research on signal sensing, processing, and recognition

can be investigated and proposed for providing more per-
spective in machine intelligence.

In this special issue, novel treatments and applications of
signal processing andmachine learning algorithms have been
explored in different fields, including speaker recognition,
environmental data analysis, remote sensing data model-
ing, fault diagnosis, and computer vision. Algorithms such
as extreme learning machine, Bayesian inference, Bayesian
network, least square regression, and wavelets have been
exploited.This special issue provides readers with new insight
about signal based sensing, processing, and recognition in
machine intelligence topics, which are highly interesting and
scientifically valid.

Lei Zhang
Sunil Kr. Jha
Zhixin Yang

Zhenbing Zhao
Bhupendra Nath Tiwari
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A spherical simplex-radial cubature quadrature Kalman filter (SSRCQKF) is proposed in order to further improve the nonlinear
filtering accuracy. The Gaussian probability weighted integral of the nonlinear function is decomposed into spherical integral and
radial integral, which are approximated by spherical simplex cubature rule and arbitrary order Gauss-Laguerre quadrature rule,
respectively, and the novel spherical simplex-radial cubature quadrature rule is obtained. Combined with the Bayesian filtering
framework, the general form and the specific form of SSRCQKF are put forward, and the numerical simulation results indicate that
the proposed algorithm can achieve a higher filtering accuracy than CKF and SSRCKF.

1. Introduction

The nonlinear state estimation problem widely exists in
signal processing, target tracking, intelligent sensing, and
other fields, which is a subject undergoing intense study [1–
4]. In suboptimal nonlinear filtering under Bayesian theory
framework, the posterior probability density function (pdf)
is assumed to be Gaussian distribution, and the core issue is
to calculate the intractable integral as “nonlinear function ×
Gaussian pdf.” Since to achieve the analytical solution is diffi-
cult for the integral, the focus of the research is seeking a high-
precision integral rule for its numerical approximation [5].

The most widely used nonlinear Kalman filtering algo-
rithms are extended Kalman filter (EKF) [6, 7] and unscented
Kalman filter (UKF) [8, 9], respectively. EKF uses the first-
order Taylor formula to linearize the nonlinear function
directly, thereby has only first-order filtering accuracy, and
needs to calculate the Jacobianmatrix, which limits its further
application. UKF adopts a set of sigma points to approx-
imate the intractable integral and achieves a third-order
accuracy. However, the selection of the sigma points and
corresponding weights lacks rigorous mathematical basis,
and the stability of numerical calculation is reduced for
the high-dimensional system. Cubature Kalman filter (CKF)
proposed by Arasaratnam and Haykin [10, 11] decomposes

the intractable integral into spherical integral and radial
integral, which are approximated by the third-order cubature
rule. CKF not only has a rigorous mathematical basis in
selecting the cubature points but also has a complete stability
in numerical calculation [12–14]. Moreover, Wang et al. [15]
proposed the spherical simplex-radial cubature Kalman filter
(SSRCKF), in which the spherical simplex rule instead of
spherical rule is used in calculating the spherical integral
[16–18]. However, radial integral is calculated by moment
matching method in both CKF and SSRCKF, which cannot
guarantee the optimal solution. To solve this problem, Shovan
and Swati [19] proposed cubature quadrature Kalman filter
(CQKF): the algorithm adopts the same method for solving
the spherical integral as CKF, but, for radial integral, arbitrary
order Gaussian-Laguerre quadrature formula is used to
achieve a higher radial integral accuracy, so as to improve
the filtering accuracy further. It is also pointed out that CKF
is a simplified form of CQKF with the first-order Gaussian-
Laguerre quadrature in radial integral.

In order to further improve the nonlinear Kalman filter-
ing accuracy, this paper proposes a novel spherical simplex-
radial cubature quadrature Kalman filter (SSRCQKF). The
structure of this paper is as follows. The spherical simplex-
radial cubature quadrature rule is proposed in Section 2,
and the SSRCQKF algorithm is proposed in Section 3, the
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numerical simulation results of strong nonlinear system and
target tracking are shown in Section 4, and finally the conclu-
sion is given in Section 5.

2. Spherical Simplex-Radial Cubature
Quadrature Rule

2.1. Spherical Simplex-Radial Cubature Rule. Consider the
integral 𝐼(f) = ∫

𝑅𝑛
f(x)𝑒−xΤx𝑑x, let x = 𝑟y, where y denotes the

unit sphere surface that satisfies yΤy = 1, 𝑟 ≥ 0 denotes the
sphere radius, and, then, 𝐼(f) can be decomposed into the fol-
lowing spherical integral and radial integral [10]:

𝑆 (𝑟) = ∫
𝑈𝑛

f (𝑟y) 𝑑𝜎 (y)
𝑅 = ∫∞

0
𝑆 (𝑟) 𝑟𝑛−1𝑒−𝑟2𝑑𝑟.

(1)

In general, the analytical solutions of above integrals are
difficult to obtain, so the numerical approximate method is
considered. It is pointed out in [15] that the spherical integral
can be approximated using the spherical simplex rule that
contains 2𝑛 + 2 integral points as follows:

𝑆 (𝑟) = 𝐴𝑛2 (𝑛 + 1)
𝑛+1∑
𝑖=1

[f (𝑟a𝑖) + f (−𝑟a𝑖)] , (2)

where 𝐴𝑛 = 2√𝜋𝑛/Γ(𝑛/2) denotes the surface area of n-
dimensional unit sphere with Γ(𝑛) = ∫∞

0
𝑥𝑛−1𝑒−𝑥𝑑𝑥 repre-

senting the Gamma function, a𝑖 = [𝑎𝑖,1 𝑎𝑖,2 ⋅ ⋅ ⋅ 𝑎𝑖,𝑛]Τ, and𝑖 = 1, 2, . . . , 𝑛 + 1 denotes the 𝑖th vertex of the 𝑛-dimensional
simplex, whose elements are defined as follows:

𝑎𝑖,𝑗 =
{{{{{{{{{{{{{{{{{

−√ 𝑛 + 1𝑛 (𝑛 − 𝑗 + 2) (𝑛 − 𝑗 + 1) , 𝑗 < 𝑖
0, 𝑗 > 𝑖
√ (𝑛 + 1) (𝑛 − 𝑖 + 1)𝑛 (𝑛 − 𝑖 + 2) , 𝑖 = 𝑗.

(3)

2.2. Gaussian-Laguerre Quadrature Rule. For the radial inte-
gral 𝑅 = ∫∞

0
𝑆(𝑟)𝑟𝑛−1𝑒−𝑟2𝑑𝑟, let 𝑟2 = 𝑡 and we get 𝑅 =

(1/2) ∫∞
0

𝑆(√𝑡)𝑡(𝑛−2)/2𝑒−𝑡𝑑𝑡; furthermore, let 𝑔(𝑡) = 𝑆(√𝑡)
and 𝛽 = (𝑛 − 2)/2; then 𝑅 = (1/2) ∫∞

0
𝑔(𝑡)𝑡𝛽𝑒−𝑡𝑑𝑡 is obtained;

the integral term in 𝑅 is approximated using the following
Gaussian-Laguerre quadrature rule [20]:

∫∞
0

𝑔 (𝑡) 𝑡𝛽𝑒−𝑡𝑑𝑡 ≈ 𝑚∑
𝑗=1

𝐴𝑗𝑔 (𝑡𝑗) , (4)

where 𝑡𝑗 denote the quadrature points, which can be solved
from the solutions of the following 𝑚-order Chebyshev-
Laguerre polynomial.

𝐿𝛽𝑚 (𝑡) = (−1)𝑚 𝑡−𝛽𝑒𝑡 𝑑𝑚𝑑𝑡𝑚 (𝑡𝛽+𝑚𝑒−𝑡) = 0. (5)

And 𝐴𝑗 denote the corresponding weights, which can be
solved as follows:

𝐴𝑗 = 𝑚!Γ (𝛽 + 𝑚 + 1)
𝑡𝑗 [�̇�𝛽𝑚 (𝑡𝑗)]2 . (6)

It can be seen that the approximation accuracy of the
above rule depends on the number of quadrature points.

2.3. Spherical Simplex-Radial Cubature Quadrature Rule.
Equation (4) is substituted into rule 𝑅, and we obtain

𝑅 = 12 ∫∞
0

𝑔 (𝑡) 𝑡𝛽𝑒−𝑡𝑑𝑡 = 12
𝑚∑
𝑗=1

𝐴𝑗𝑔 (𝑡𝑗) . (7)

The spherical simplex rule (2) and 𝑔(𝑡) = 𝑆(√𝑡) are
plugged into (7) to obtain

𝑅 = 12
𝑚∑
𝑗=1

𝐴𝑗𝑆 (√𝑡𝑗) = 𝐴𝑛4 (𝑛 + 1)
𝑚∑
𝑗=1

𝐴𝑗

⋅ 𝑛+1∑
𝑖=1

[f (√𝑡𝑗a𝑖) + f (−√𝑡𝑗a𝑖)] = √𝜋𝑛2 (𝑛 + 1) Γ (𝑛/2)
⋅ 𝑚∑
𝑗=1

𝐴𝑗𝑛+1∑
𝑖=1

[f (√𝑡𝑗a𝑖) + f (−√𝑡𝑗a𝑖)] .

(8)

Due to ∫
𝑅𝑛
f(x)𝑁(x; x,P𝑥)𝑑x = (1/√𝜋𝑛) ∫

𝑅𝑛
f(√2P𝑥x +

x)𝑒−xΤx𝑑x, the Gaussian probability weighted integral of
arbitrary nonlinear function is obtained as follows:

∫
𝑅𝑛
f (x)𝑁 (x; x,P𝑥) 𝑑x = 12 (𝑛 + 1) Γ (𝑛/2)

⋅ 𝑚∑
𝑗=1

𝐴𝑗𝑛+1∑
𝑖=1

[f (√2𝑡𝑗P𝑥a𝑖 + x)
+ f (−√2𝑡𝑗P𝑥a𝑖 + x)] .

(9)

Equation (9) is the novel spherical simplex-radial cuba-
ture quadrature rule that proposed in this paper, which
requires the calculation of 2(𝑛+1)𝑚points and corresponding
weights. In particular, it can be solved that 𝑡1 = 𝑛/2, 𝐴1 =Γ(𝑛/2) when 𝑚 = 1, and results in the spherical simplex-
radial cubature rule.Thus, the spherical simplex-radial cuba-
ture rule is the degenerate form of the proposed rule, and the
proposed rule can achieve a higher approximation accuracy
when 𝑚 ≥ 2.
3. SSRCQKF Algorithm

3.1. The General Form of SSRCQKF. Consider the following
discrete nonlinear system with additive noise:

x𝑘 = f (x𝑘−1) + w𝑘−1

z𝑘 = h (x𝑘) + k𝑘

w𝑘−1 ∼ (0,Q𝑘−1)
k𝑘 ∼ (0,R𝑘) ,

(10)
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where x𝑘 ∈ R𝑛 denotes the state vector, z𝑘 ∈ R𝑛𝑧 denotes the
measurement vector, and the noises w𝑘, k𝑘 are uncorrelated
Gaussian white noise. With the system dimension 𝑛 and the

order𝑚 of Chebyshev-Laguerre polynomial being known, 𝑡𝑗,𝑗 = 1, . . . , 𝑚 can be solved by (5), and the corresponding
weights can be calculated as follows:

𝜔𝑖 =

{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{

𝑚!Γ (𝛽 + 𝑚 + 1)
2 (𝑛 + 1) Γ (𝑛/2) 𝑡1 [�̇�𝛽𝑚 (𝑡1)]2 , 𝑖 = 1, . . . , 2𝑛 + 2

𝑚!Γ (𝛽 + 𝑚 + 1)
2 (𝑛 + 1) Γ (𝑛/2) 𝑡2 [�̇�𝛽𝑚 (𝑡2)]2 , 𝑖 = 2𝑛 + 3, . . . , 4 (𝑛 + 1)

...
𝑚!Γ (𝛽 + 𝑚 + 1)

2 (𝑛 + 1) Γ (𝑛/2) 𝑡𝑚 [�̇�𝛽𝑚 (𝑡𝑚)]2 , 𝑖 = 2 (𝑚𝑛 + 𝑚 − 𝑛) − 1, . . . , 2 (𝑛 + 1)𝑚.

(11)

The matrix a = [a1 a2 ⋅ ⋅ ⋅ a𝑛+1] consists of a𝑖 that is
used to construct the following expansion matrix [a −a] =[a1 a2 ⋅ ⋅ ⋅ a𝑛+1 −a1 −a2 ⋅ ⋅ ⋅ −a𝑛+1]. The subscript 𝑖 in [⋅]𝑖
denotes the 𝑖th column of matrix; based on the rule (9) and

Bayesian filtering framework, the primary calculation process
of the general form of SSRCQKF algorithm is listed as fol-
lows:

Calculate the following points:

x̂(𝑖)𝑘−1 =
{{{{{{{{{{{{{{{{{{{

x̂+𝑘−1 + √2𝑡1P+𝑘−1 [a −a]
𝑖
, 𝑖 = 1, . . . , 2 (𝑛 + 1)

x̂+𝑘−1 + √2𝑡2P+𝑘−1 [a −a]
𝑖
, 𝑖 = 2𝑛 + 3, . . . , 4 (𝑛 + 1)

...
x̂+𝑘−1 + √2𝑡𝑚P+𝑘−1 [a −a]

𝑖
, 𝑖 = 2 (𝑚𝑛 + 𝑚 − 𝑛) − 1, . . . , 2 (𝑛 + 1)𝑚.

(12)

Calculate the nonlinear propagation of the points:

X(𝑖)𝑘 = f𝑘−1 (x̂(𝑖)𝑘−1) . (13)

Calculate the prior state estimation and prior error
covariance matrix:

x̂−𝑘 = 2(𝑛+1)𝑚∑
𝑖=1

𝜔𝑖X(𝑖)𝑘
P−𝑘 = 2(𝑛+1)𝑚∑

𝑖=1

𝜔𝑖 (X(𝑖)𝑘 − x̂−𝑘) (X(𝑖)𝑘 − x̂−𝑘)Τ + Q𝑘−1.
(14)

Calculate the following points:

x̂(𝑖)𝑘 =
{{{{{{{{{{{{{{{{{{{

x̂−𝑘 + √2𝑡1P−𝑘 [a −a]
𝑖
, 𝑖 = 1, . . . , 2 (𝑛 + 1)

x̂−𝑘 + √2𝑡2P−𝑘 [a −a]
𝑖
, 𝑖 = 2𝑛 + 3, . . . , 4 (𝑛 + 1)

...
x̂−𝑘 + √2𝑡𝑚P−𝑘 [a −a]

𝑖
, 𝑖 = 2 (𝑚𝑛 + 𝑚 − 𝑛) − 1, . . . , 2 (𝑛 + 1)𝑚.

(15)

Calculate the nonlinear propagation of the points:

Z(𝑖)𝑘 = h𝑘 (x̂(𝑖)𝑘 ) . (16)

Calculate the predicted measurement value:

ẑ𝑘 = 2(𝑛+1)𝑚∑
𝑖=1

𝜔𝑖Z(𝑖)𝑘 . (17)
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Calculate the predicted measurement covariance
matrix:

P𝑧 = 2(𝑛+1)𝑚∑
𝑖=1

𝜔𝑖 (Z(𝑖)𝑘 − ẑ𝑘) (Z(𝑖)𝑘 − ẑ𝑘)Τ + R𝑘. (18)

Calculate the cross covariance matrix:

P𝑥𝑧 = 2(𝑛+1)𝑚∑
𝑖=1

𝜔𝑖 (x̂(𝑖)𝑘 − x̂−𝑘) (Z(𝑖)𝑘 − ẑ𝑘)Τ . (19)

Calculate the Kalman filtering gain:

K𝑘 = P𝑥𝑧P
−1
𝑧 (20)

Calculate the a posteriori state estimation:

x̂+𝑘 = x̂−𝑘 + K𝑘 (z𝑘 − ẑ𝑘) . (21)

Calculate the a posteriori error covariance matrix:

P+𝑘 = P−𝑘 − K𝑘P𝑧K
Τ
𝑘 . (22)

It can be seen from the algorithmprocess that the filtering
accuracy depends on the order of the Gaussian-Laguerre
quadrature rule; the higher the order is, the higher that
estimation accuracy is achieved, but the more the points
and weights are required. However, for the identified 𝑚
and 𝑛, the points can be calculated in advance and stored
offline and called directly from the memory in the process
of implementation, that is necessary to improve the real-time
performance of the algorithm.

3.2.The Specific Form of SSRCQKFWhen𝑚 = 2. The general
form of SSRCQKF is presented in Section 3.1, and, in this
section, the specific formof SSRCQKF algorithmwhen𝑚 = 2
is given. When 𝑚 = 2, (7) is simplified as follows:

𝑅 = 12 [𝐴1𝑆 (√𝑡1) + 𝐴2𝑆 (√𝑡2)] . (23)

The values of 𝑡1 and 𝑡2 are needed to be calculated. Plug𝑚 = 2 into (5), we obtain
𝐿𝛽2 (𝑡) = 𝑡−𝛽𝑒𝑡 𝑑2𝑑𝑡2 (𝑡𝛽+2𝑒−𝑡) . (24)

The item (𝑑2/𝑑𝑡2)(𝑡𝛽+2𝑒−𝑡) is expanded to achieve 𝐿𝛽2(𝑡)
and its derivative �̇�𝛽2(𝑡) as follows:

𝐿𝛽2 (𝑡) = 𝑡2 − 2 (𝛽 + 2) 𝑡 + (𝛽 + 1) (𝛽 + 2)
�̇�𝛽2 (𝑡) = 2𝑡 − 2 (𝛽 + 2) . (25)

Let 𝐿𝛽2(𝑡) = 0, the solutions are 𝑡 = 𝛽 + 2 ± √𝛽 + 2,
combined with 𝛽 = (𝑛 − 2)/2, and we obtain

𝑡1 = 𝑛2 + 1 + √𝑛2 + 1
𝑡2 = 𝑛2 + 1 − √𝑛2 + 1.

(26)

Then, 𝐴1 and 𝐴2 are solved from (6) as follows:

𝐴1 = 𝑛Γ (𝑛/2)2𝑛 + 4 + 2√2𝑛 + 4
𝐴2 = 𝑛Γ (𝑛/2)2𝑛 + 4 − 2√2𝑛 + 4 .

(27)

Furthermore, the weights 𝜔𝑖 are solved as follows:

𝜔𝑖

= {{{{{{{

𝑛
4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4) , 𝑖 = 1, 2, . . . , 2𝑛 + 2

𝑛
4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4) , 𝑖 = 2𝑛 + 3, . . . , 4𝑛 + 4.

(28)

The spherical simplex-radial cubature quadrature rule
with 𝑚 = 2 is obtained by plugging 𝑡1, 𝑡2, 𝐴1, and 𝐴2 into
rule (9) as follows:

∫
𝑅𝑛
f (x)𝑁 (x; x,P𝑥) 𝑑x
= 𝑛

4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4)
⋅ 𝑛+1∑
𝑖=1

[f (x + √(𝑛 + 2 + √2𝑛 + 4)P𝑥a𝑖)

+ f (x − √(𝑛 + 2 + √2𝑛 + 4)P𝑥a𝑖)]
+ 𝑛

4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4)
⋅ 𝑛+1∑
𝑖=1

[f (x + √(𝑛 + 2 − √2𝑛 + 4)P𝑥a𝑖)

+ f (x − √(𝑛 + 2 − √2𝑛 + 4)P𝑥a𝑖)] .

(29)

Based on (29), the calculation steps of the specific form of
SSRCQKF when 𝑚 = 2 are given as follows.

Step 1 (filter initialization). One has

x̂+0 = 𝐸 (x0)
P+0 = 𝐸 [(x0 − x̂+0 ) (x0 − x̂+0 )Τ] . (30)

Cycle 𝑘 = 1, 2, . . ., and complete the following steps.
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Step 2 (time update). One has

x̂(𝑖)𝑘−1 = {{{{{
x̂+𝑘−1 + √(𝑛 + 2 + √2𝑛 + 4)P+

𝑘−1
[a −a]

𝑖
, 𝑖 = 1, 2, . . . , 2𝑛 + 2

x̂+𝑘−1 + √(𝑛 + 2 − √2𝑛 + 4)P+
𝑘−1

[a −a]
𝑖−2𝑛−2

, 𝑖 = 2𝑛 + 3, . . . , 4𝑛 + 4
X(𝑖)𝑘 = f𝑘−1 (x̂(𝑖)𝑘−1)
x̂−𝑘 = 𝑛

4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4)
2𝑛+2∑
𝑖=1

X(𝑖)𝑘 + 𝑛
4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4)

4𝑛+4∑
𝑖=2𝑛+3

X(𝑖)𝑘

P−𝑘 = 𝑛
4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4)

2𝑛+2∑
𝑖=1

(X(𝑖)𝑘 − x̂−𝑘 ) (X(𝑖)𝑘 − x̂−𝑘 )Τ

+ 𝑛
4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4)

4𝑛+4∑
𝑖=2𝑛+3

(X(𝑖)𝑘 − x̂−𝑘) (X(𝑖)𝑘 − x̂−𝑘)Τ + Q𝑘−1.

(31)

Step 3 (measurement update). One has

x̂(𝑖)𝑘 = {{{{{
x̂−𝑘 + √(𝑛 + 2 + √2𝑛 + 4)P−

𝑘
[a −a]

𝑖
, 𝑖 = 1, 2, . . . , 2𝑛 + 2

x̂−𝑘 + √(𝑛 + 2 − √2𝑛 + 4)P−
𝑘
[a −a]

𝑖−2𝑛−2
, 𝑖 = 2𝑛 + 3, . . . , 4𝑛 + 4

Z(𝑖)𝑘 = h𝑘 (x̂(𝑖)𝑘 )
ẑ𝑘 = 𝑛

4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4)
2𝑛+2∑
𝑖=1

Z(𝑖)𝑘 + 𝑛
4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4)

4𝑛+4∑
𝑖=2𝑛+3

Z(𝑖)𝑘

P𝑧 = 𝑛
4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4)

2𝑛+2∑
𝑖=1

(Z(𝑖)𝑘 − ẑ𝑘) (Z(𝑖)𝑘 − ẑ𝑘)Τ

+ 𝑛
4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4)

4𝑛+4∑
𝑖=2𝑛+3

(Z(𝑖)𝑘 − ẑ𝑘) (Z(𝑖)𝑘 − ẑ𝑘)Τ + R𝑘

P𝑥𝑧 = 𝑛
4 (𝑛 + 1) (𝑛 + 2 + √2𝑛 + 4)

2𝑛+2∑
𝑖=1

(x̂(𝑖)𝑘 − x̂−𝑘 ) (Z(𝑖)𝑘 − ẑ𝑘)Τ

+ 𝑛
4 (𝑛 + 1) (𝑛 + 2 − √2𝑛 + 4)

4𝑛+4∑
𝑖=2𝑛+3

(x̂(𝑖)𝑘 − x̂−𝑘) (Z(𝑖)𝑘 − ẑ𝑘)Τ .

(32)

Step 4 (state update). One has

K𝑘 = P𝑥𝑧P
−1
𝑧

x̂+𝑘 = x̂−𝑘 + K𝑘 (z𝑘 − ẑ𝑘)
P+𝑘 = P−𝑘 − K𝑘P𝑧K

Τ
𝑘 .

(33)
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Figure 1: RMSE of state 1.

Table 1: Average RMSE of state.

Filters State 1 State 2 State 3
CKF 0.8743 0.6120 0.4928
SSRCKF 0.9540 0.7152 0.6429
SSRCQKF-2 0.8621 0.5737 0.4427
SSRCQKF-3 0.8570 0.5705 0.4305

4. Simulation Results and Analysis

4.1. Simulation 1. The effectiveness of the proposed SSRC-
QKF algorithm is verified by the following three-dimensional
strong nonlinear system, which includes trigonometric func-
tion operation, power operation, and exponential operation.

[[[[
[

𝑥1,𝑘+1
𝑥2,𝑘+1
𝑥3,𝑘+1

]]]]
]

= [[[[
[

3 sin2 (𝑥2,𝑘)
𝑥1,𝑘 + 𝑒−0.05𝑥3,𝑘

0.2𝑥1,𝑘 (𝑥2,𝑘 + 𝑥3,𝑘)
]]]]
]

+ [[[[
[

1
1
1
]]]]
]

𝑤𝑘

𝑧𝑘 = cos (𝑥1,𝑘) + 𝑥2,𝑘𝑥3,𝑘 + V𝑘,
(34)

where 𝑄 = 0.1, 𝑅 = 1, the theoretical initial value of the
nonlinear system is x0 = [−0.7 1 1]Τ, the filtering initial
value is x̂0 = [0 0 0]Τ, the initial covariance matrix is P0 =
I3×3. The SSRCQKF-2 (when 𝑚 = 2) and SSRCQKF-3 (when𝑚 = 3) are compared with CKF and SSRCKF, the simulation
step is 1, and the total step size is 100. The root mean square
error (RMSE) is used to describe the filtering accuracy and
run 500 times Monte-Carlo simulation, and the results are
shown in Figures 1–3. In order to show the details of the curve
more clearly, the data only between 30 and 80 are captured
in figures. It can be seen from the figures that the RMSE of
the proposed SSRCQKF is significantly smaller than the other
two algorithms.
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Figure 2: RMSE of state 2.
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Figure 3: RMSE of state 3.

Table 2: Variance RMSE of state 1.

Filters State 1 State 2 State 3
CKF 0.0108 0.0108 0.0097
SSRCKF 0.0120 0.0115 0.0217
SSRCQKF-2 0.0102 0.0089 0.0060
SSRCQKF-3 0.0099 0.0087 0.0056

In order to compare the four filters quantitatively, the
average value and variance of RMSE of the four filters in 100
steps are counted and listed in Tables 1 and 2, respectively.
From Table 1, we see that CKF achieves a higher filtering
accuracy than SSRCKF in this simulation. Compared with
CKF, the SSRCQKF-2 proposed in this paper improves the
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estimation accuracy of state 1 by 1.4%, improves the estima-
tion accuracy of state 2 by 6.26%, and improves the estimation
accuracy of state 3 by 10.17%. Compared with SSRCQKF-
2, the SSRCQKF-3 improves the estimation accuracy of
the three states by 0.59%, 0.56%, and 2.76%, respectively.
All these indicate that the proposed filter has the optimal
performance in terms of estimation accuracy. Moreover, the
RMSE variance of the two SSRCQKF are smaller than that
of the other two filters, which indicates that the estimated
fluctuation is more stable.

4.2. Simulation 2. The proposed SSRCQKF is applied in
target tracking in this section. The target is assumed to be
in constant velocity (CV) motion; the state equation of CV
model in two-dimensional case is described as follows:

X𝑘 = FCVX𝑘−1 + Gw𝑘−1, (35)

where X𝑘 = (𝑥𝑘, �̇�𝑘, 𝑦𝑘, ̇𝑦𝑘)Τ represents the target states
(position and velocity) at time index 𝑘,w𝑘 denotes the process
noise, FCV andG denote the state transformation matrix and
the noise driven matrix, which are defined, respectively, as
follows:

FCV =
[[[[[[[[
[

1 𝑇 0 0
0 1 0 0
0 0 1 𝑇
0 0 0 1

]]]]]]]]
]

,

G =
[[[[[[[[[[
[

𝑇22 0
𝑇 0
0 𝑇220 𝑇

]]]]]]]]]]
]

,

(36)

where 𝑇 is the sampling interval.
In target tracking system, the bearings-onlymeasurement

equation is written as follows:

𝑍𝑘 = arctan(𝑦𝑘 − 𝑦𝑟𝑥𝑘 − 𝑥𝑟) + V𝑘, (37)

where 𝑍𝑘 is the radar measurement at time 𝑘, (𝑥𝑟, 𝑦𝑟) is the
location of radar, and V𝑘 is the measurement noise.

In the simulation, the radar location is set to be(𝑥𝑟, 𝑦𝑟) = (200m, 300m), the simulation time is 40 s, 𝑇 =1, and the initial state of the target is (𝑥0, �̇�0, 𝑦0, ̇𝑦0) =(100m, 2m/s, 200m, 20m/s). The initial state and covari-
ance matrix are x̂+0 = (100m, 2m/s, 200m, 20m/s)Τ and
P+0 = diag[0.01, 0.01, 0.01, 0.01], respectively. The standard
deviation of the measurement noise is 0.1 deg. The Monte-
Carlo simulation is performed 500 times, and the tracking
accuracy is also evaluated using the RMSE.

The simulation results, including the position RMSE and
velocity RMSE of various filters, are shown in Figures 4 and 5,
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Figure 4: The position RMSE of various filters.

30 31 32
0.21

0.215

0.22

5 10 15 20 25 30 35 400
Time (s)

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35
Ve

lo
ci

ty
 R

M
SE

 (m
·s−

1
)

CKF
SSRCKF

SSRCQKF-2
SSRCQKF-3

Figure 5: The velocity RMSE of various filters.

respectively, and the partialmagnification is given to show the
details of the curve. It can be seen that the tracking accuracy
of CKF is significantly lower than that of other filters, and the
proposed SSRCQKF-2 and SSRCQKF-3 have achieved higher
target tracking accuracy than that of SSRCKF. The average
RMSE of the various filters is shown in Table 3, and compared
with CKF, the estimated position accuracy of SSRCKF is
improved by 20.85%, indicating that the spherical simplex-
radial cubature rule has higher accuracy than spherical-radial
cubature rule in this simulation. Since the second-order
Gauss-Laguerre rule is used in the SSRCQKF-2, the accuracy
is improved by 1.86% compared to SSRCKF. Due to the more
quadrature points used in SSRCQKF-3, its accuracy is higher
than that of SSRCQKF-2 by 1.50%. Through the analysis of



8 Journal of Electrical and Computer Engineering

Table 3: Average RMSE of various filters.

Filters Position RMSE/m Velocity RMSE/(m/s)
CKF 3.0372 0.1874
SSRCKF 2.4039 0.1655
SSRCQKF-2 2.3591 0.1642
SSRCQKF-3 2.3238 0.1630

the simulation results, the effectiveness of the proposed filter
is verified.

5. Conclusion

In order to further improve the filtering accuracy of the non-
linear system, this paper proposes a SSRCQKF algorithm by
combining the spherical simplex-radial cubature rule with
arbitrary order Gaussian-Laguerre quadrature rule. The pro-
posed algorithm has a higher filtering accuracy than CKF
and SSRCKF. The results of the two numerical simulations,
including the three-dimensional strongly nonlinear system
and target tracking, verify the validity of the proposed algo-
rithm.
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According to the characteristics of fault diagnosis for pumping station, such as the complex structure, multiple mappings, and
numerous uncertainties, a new approach combining T-S fuzzy gate fault tree and Bayesian network (BN) is proposed. On the one
hand, traditional fault tree method needs the logical relationship between events and probability value of events and can only
represent the events with two states. T-S fuzzy gate fault tree method can solve these disadvantages but still has weaknesses in
complex reasoning and only one-way reasoning. On the other hand, the BN is suitable for fault diagnosis of pumping station
because of its powerful ability to deal with uncertain information. However, it is difficult to determine the structure and conditional
probability tables of the BN. Therefore, the proposed method integrates the advantages of the two methods. Finally, the feasibility
of the method is verified through a fault diagnosis model of the rotor in the pumping unit, the accuracy of the method is verified
by comparing with the methods based on traditional Bayesian network and BP neural network, respectively, when the historical
data is sufficient, and the results are more superior to the above two when the historical data is insufficient.

1. Introduction

With the operation of the first phase of the South-to-North
Water Diversion Project, the reliability and ability to achieve
preset functions of the pumping stations and units at every
level will affect the effectiveness of the whole project, while
the faults of each pumping station may cause major issues
about engineering safety, significant economic losses, and
serious social impact if expanded further. Therefore, it is of
great significance to monitor, evaluate, predict, and diagnose
the running state of the pumping stations and units.

The operating state of the large-scale pumping station is
affected by the coupling of hydraulic, mechanical, and elec-
tromagnetic factors. And the factors that affect its efficiency
or failure are often multiple. At the same time, there is dif-
ferent steady status or transition status corresponding to dif-
ferent conditions like starting and stopping and blade adjust-
ment in the course of operating.Therefore, the fault diagnosis
of pumping station (group) can be divided into conventional
fault diagnosis and uncertain fault diagnosis.The former such
as electrical equipment has been solved because it is possessed

in its computer monitoring system. However, these uncertain
fault diagnoses under the coupling of mechanical, hydraulic,
and electromagnetic factors are difficult [1–3].

Bayesian network is an intelligent method combin-
ing probability theory, graph theory, and decision theory.
Recently, many researchers focus on the field of fault diag-
nosis, especially in the complex systems with large amount
of uncertain information [4–6]. But its application in large
pumping and drainage pumps is very little. In paper [7],
Bayesian network is firstly applied to the fault diagnosis of
the hydrogenerator by constructing a simple fault diagnosis
system for the hydrogenerator set, SmartHydro, which uses
vibration of different frequency as the fault features to realize
the diagnosis of several major faults caused by factors that
are mechanical, hydraulic, electromagnetic, etc. This method
makes full use of the advantage of Bayesian network to solve
the problem of uncertain fault diagnosis in pumping unit.
However, the fault mechanism of a real pumping unit is
far more complicated. A large number of nodes and condi-
tional probability tables are required to construct a complete
Bayesian network. So Bayesian network is combined with
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the Noisy Or model in paper [8] to calculate the connection
probability between a single node and the result in the whole
system with formula only by determining the probability
relationship between every node and the result. It is verified
that this model greatly reduces the amount of conditional
probabilities that need to be determined and advances the
application of Bayesian network in fault diagnosis in pump-
ing units. However, it is difficult to understand the fault
mechanism and build a Bayesian network accurately in large
complex systems such as pumping stations. That needs the
assistance of experienced experts and learning based on a
large number of historical data, especially historical fault
data. As a newly developed large-scale complex system, the
number of historical fault data of pumping station (group)
in the South-to-North Water Diversion Project is very little.
In addition, the number of nodes in constructed Bayesian
network is very large. Therefore, it is more difficult to
determine the structure and conditional probability tables.

Some researchers have combined the traditional fault tree
theory with the Bayesian network to solve the problem of
constructing a Bayesian network. However, there are many
shortcomings in the traditional fault tree: (1) the logical
relationships and probability between events need to be
known exactly. (2) Compatibility is not strong. That means
the existing data is not applicable when the system conditions
are changed. (3) Every event can be described only with two
states: {0, 1}. The T-S fuzzy gate fault tree analysis method
proposed by Song et al. [9] integrates the fuzzy theory into
the fault tree, which can not only overcome shortcoming
(1) through describing the connection between events as an
uncertain item but also describe multiple states of the system
conveniently. But there are still some disadvantages, such as
poor compatibility, complex reasoning process, and only one-
way reasoning.

Therefore, this paper combines T-S fuzzy gate fault tree
method and Bayesian network method [10] that can convert
the fuzzy gate rule of T-S fuzzy gate fault tree into the
conditional probability table of Bayesian network and make
full use of the efficient parallel two-way reasoning ability of
Bayesian network to realize the uncertain fault diagnosis of
pumping station. Finally, the Bayesian network is constructed
according to the above method, and the fault diagnosis of the
rotor, which is one of the most important and most faulty
components of the pump unit, proves the correctness and
superiority of the network.

The remainder of this paper is outlined as follows: first,
the T-S fuzzy gate fault tree and Bayesian network are briefly
reviewed. Then, the concrete steps of transforming the T-
S fuzzy gate fault tree to Bayesian network are described.
Finally, the effectiveness and superiority of the proposed
approach are illustrated by taking the rotor which is one of
themost important andmost prone to fault in the pump unit.

2. T-S Fuzzy Gate Fault Tree

Compared with the traditional fault tree method, T-S fuzzy
gate fault tree method combines the fuzzy theory with
the fault tree method, provides the relationships between
upper and lower events with uncertainties, and expresses

Top event
y1

y2 y3

T-S
gate a

T-S
gate b

T-S
gate c

x1 x2 x3 x4 x5

Figure 1: T-S fuzzy fault tree.

Table 1: Rules for T-S gate 𝑏.
Rules 𝑥1 𝑥2 𝑥3 𝑦2𝑅𝑏 𝑥𝑘1𝑖1 𝑥𝑘2𝑖1 𝑥𝑘3𝑖3 𝑃𝑅𝑏 (𝑦𝑏2𝑗2 )

fault probabilities with fuzzy numbers. These events between
layers are connected through the fuzzy gate, which is a
production rule defining the probability of different states
of the top event caused by different combinations of bottom
events. A typical T-S fuzzy gate fault tree model is depicted in
this section. Figure 1 shows a T-S fuzzy fault tree model.

In Figure 1, 𝑥1, 𝑥2, . . . , 𝑥5 are five bottom events, each
with 𝑘𝑖 (𝑖 = 1, 2, . . . , 5) values of state described as 𝑥𝑘1𝑖1 , 𝑥𝑘2𝑖2 ,. . . , 𝑥𝑘5𝑖5 , respectively. 𝑏𝑗 (𝑗 = 1, 2, 3) is the number of fault
states for the top event 𝑦1, and the intermediate events 𝑦2, 𝑦3
can be described as𝑦𝑏1𝑗1 ,𝑦𝑏2𝑗2 , and𝑦𝑏3𝑗3 .𝑅𝑎,𝑅𝑏, and𝑅𝑐 represent
fuzzy rules of T-S gates 𝑎, 𝑏, and 𝑐, respectively.The fuzzy rules
of the local T-S fuzzy gate fault tree composed of 𝑦2, T-S gates𝑏, and 𝑥1, 𝑥2, and 𝑥3 can be represented in Table 1.

T-S gate has the following rule or formula, which is also
the conditional probability of the corresponding nodes in BN:

𝑃𝑅𝑏 (𝑦𝑏212 ) = 𝑃 (𝑦2 = 𝑦𝑏212 | 𝑥1 = 𝑥𝑘1𝑖1 , . . . , 𝑥3 = 𝑥𝑘3𝑖3 )
𝑃𝑅𝑏 (𝑦𝑏222 ) = 𝑃 (𝑦2 = 𝑦𝑏222 | 𝑥1 = 𝑥𝑘1𝑖1 , . . . , 𝑥3 = 𝑥𝑘3𝑖3 )

...
𝑃𝑅𝑏 (𝑦𝑏2𝑗2 ) = 𝑃 (𝑦2 = 𝑦𝑏2𝑗2 | 𝑥1 = 𝑥𝑘1𝑖1 , . . . , 𝑥3 = 𝑥𝑘3𝑖3 ) .

(1)

3. BN

3.1. Overview of Bayesian Network. The Bayesian network
uses a graphical mode to express the joint probability of
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Figure 2: A typical Bayesian network structure.

multiple variables, and the causality between variables is
represented by directional connection lines. Give each root
node a prior probability, and each child node takes the
conditional probability Table 9. A Bayesian network can be
represented by a multiple tuple ⟨𝑉,𝐷, 𝑃⟩ where 𝑉 is the
node variable, 𝐷 is the directional connection line between
nodes, 𝑃 is the conditional probability table representing the
connection strength between nodes. It combines directional
acyclic graph with probability theory. It is more objective and
scientific with the formal probability theory foundation, and
its knowledge representation form is also more intuitive. The
Bayesian network is more objective with the combination of
the prior knowledge of experts and the posterior data. The
prior knowledge dominates when the posterior data is less,
while the posterior knowledge dominates when the posterior
knowledge is abundant. A typical Bayesian network structure
is depicted in Figure 2.

3.2. Construction of Bayesian Network. Three parts should
be determined when building a complete Bayesian network:
the node variables, the structure of the network, and the
conditional probability table for every node. There are three
main methods to determine the latter two.

(1) Through Experts’ Experience Completely. This method
is affected by the limitation of human’s knowledge, and the
bias of a network can be found easily in practical application.

(2) Learning through Historical Data Completely. When
the historical data is sufficient, this method has strong
adaptability by reasoning the structure and parameters of BN
scientifically.

(3) Combining the above Two. The historical data is often
insufficient, so the nodes and structure of BN can be deter-
mined by experts, and the parameters can be determined
through learning from data. This method is applied more in
practice because it can reduce the difficulty of determining
parameters of the network and the structural learning error
caused by insufficient data.

Parameter learning methods of data-driven BN are
mainly the following two:

(1) Maximum-likelihood estimation method and Baye-
sian method can be used when data is sufficient.They
are shown, respectively, in

𝐿 (𝜃 | 𝐷) = 𝑃 (𝐷 | 𝜃) = 𝑚∏
𝑖=1

𝑃 (𝐷𝑖 | 𝜃) (2)

𝑝 (𝜃 | 𝐷) ∝ 𝑝 (𝜃) 𝐿 (𝜃 | 𝐷) , (3)

where 𝜃 is a random variable, 𝐷 = (𝐷1, 𝐷2, 𝐷3, . . . ,𝐷𝑚) is a data set, and 𝐿(𝜃 | 𝐷) is the maximum-
likelihood function of 𝜃.

(2) When data is insufficient, if the topology of the
network is known, EM (expectation maximization)
can be used to calculate the parameters. If the struc-
ture of network is unknown, the structure maximum
expectationmethod can be used. Specific steps are not
detailed here, which can be found in related literature.

3.3. Bayesian Network Inference. There are three kinds of
inference in Bayesian network: support inference, causal
inference, and diagnostic inference. This section focuses on
the last one, which determines the cause according to the
measured characteristic node with abnormal phenomenon
when the fault occurs. Steps are as follows:

(1) Obtain the state fact of the feature node, and let its
probability value be 1.

(2) Let the obtained fact node be 𝑒, and then themarginal
probability of any node 𝐴 is

𝑃 (𝐴𝑒) = 𝑃 (𝐴, 𝑒)𝑃 (𝑒) . (4)

(3) According to the given 𝑃(𝑒), 𝑃(𝐴, 𝑒) can be calculated
by marginalizing the joint probability density of all
nodes.
The formula used in the process of fault diagnosis
include the following:
Bayesian formula is

𝑃 (𝐵𝑖𝐴) = 𝑃 (𝐵𝑖) 𝑃 (𝐴 | 𝐵𝑖)
∑𝑛𝑗=1 𝑃 (𝐵𝑗) 𝑃 (𝐴 | 𝐵𝑗) . (5)

Chain rules are

𝑃 (𝑋1𝑋2, . . . , 𝑋𝑛) =
𝑛∏
𝑖=1

𝑃 (𝑋𝑖 | 𝜋 (𝑋𝑖)) . (6)

4. Transformation from T-S Fuzzy Tree to BN

In the process of transforming T-S fuzzy fault tree to BN,
the top event, middle event, and bottom event of the T-S
fuzzy fault tree correspond to the leaf node, the intermediate
node, and the root node of the Bayesian network. For
the fuzzy rules between events, they correspond to the
conditional probability tables between nodes. According to
the relationship between the top events and themiddle events
and the relationship between the middle events and the
bottom events, the root nodes, the intermediate nodes, and
the leaf nodes are connected with the directed connection
lines to form a complete BN [10, 11].The flow chart is depicted
in Figure 3.
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Figure 3: T-S fuzzy tree converted into BN.

Given the leaf node’s fault state𝑇𝑞, the posterior probabil-
ity 𝑃(𝑥𝑖 = 𝑥𝑘𝑖𝑖 | 𝑇 = 𝑇𝑞) of the root node 𝑥𝑖 with fault state 𝑥𝑘𝑖𝑖
can be obtained by Bayesian conditional probability formula:

𝑃 (𝑥𝑖 = 𝑥𝑘𝑖𝑖 | 𝑇 = 𝑇𝑞) = 𝐸[[
�̃� (𝑥𝑖 = 𝑥𝑘𝑖𝑖 , 𝑇 = 𝑇𝑞)

�̃� (𝑇 = 𝑇𝑞) ]
]
, (7)

where 𝐸[�̃�(𝑥𝑖 = 𝑥𝑘𝑖𝑖 , 𝑇 = 𝑇𝑞)/�̃�(𝑇 = 𝑇𝑞)] is the center of
gravity of the fuzzy subset, which converts the fuzzy subset
into an exact value.

If the fault probability fuzzy subset of all the root nodes
is known, then the fault probability fuzzy subset of the leaf
node 𝑇 = 𝑇𝑞 can be obtained through the conditional inde-
pendence of Bayesian networks and chain rules. It is
expressed by the following formula:

�̃� (𝑇 = 𝑇𝑞)
= ∑
𝑥1 ,𝑥2,...,𝑥𝑛
𝑦1 ,𝑦2 ,...,𝑦𝑚

�̃� (𝑥1, 𝑥2, . . . , 𝑥𝑛; 𝑦1, 𝑦2, . . . , 𝑦𝑚; 𝑇 = 𝑇𝑞)

= ∑
𝜋(𝑇)

�̃� (𝑇 = 𝑇𝑞 | 𝜋 (𝑇)) × ∑
𝜋(𝑦1)

�̃� (𝑦1 | 𝜋 (𝑦1))
× ⋅ ⋅ ⋅ × ∑

𝜋(𝑦𝑚)

�̃� (𝑦1 | 𝜋 (𝑦𝑚)) �̃� (𝑥𝑘11 ) ⋅ ⋅ ⋅ �̃� (𝑥𝑘𝑛𝑛 ) ,

(8)

where 𝜋(𝑇) represents the set of all parent nodes of the leaf
node 𝑇 and �̃�(𝑥𝑘𝑖𝑖 ) is the fault probability fuzzy subset if fault
state of the root node 𝑥𝑖 is denoted as 𝑥𝑘𝑖𝑖 .
5. Fault Diagnosis of Rotor Based on T-S Fuzzy
Gate Fault Tree and BN

5.1. Rotor Fault Diagnosis of Water Pump. Buildings, electri-
cal and mechanical equipment, and auxiliary equipment are
the main components of the pump station. The mechanical
and electrical equipment mainly includes the main water
pump, the power machine, the electrical equipment, and

the metal structure [12]. As the direct work part of the
operation of the unit, the main water pump and motor are
the most prone to failure of the pumping station, whether
they can operate safely affects the function and efficiency
of the pumping unit directly. Studies have shown that more
than half of faults of rotating machinery are caused by the
fault of the rotor, which is a major component of a pump
unit [13]. Therefore, the fault diagnosis of rotor is the most
important part of the fault diagnosis of the whole pump unit.
When there is a fault in the rotor, it not only does great
harm to the whole pump unit but also affects the task of
watering and drainage of pump unit seriously so as to result
in immeasurable losses. So it is necessary to implement fault
diagnosis for rotor. Vibration is the main form of faults in the
rotor and abnormal increase in amplitude of power frequency
is the most common phenomenon. In the following, the
effectiveness of the proposed method in fault diagnosis is
illustrated through the phenomenon that the amplitude of
power frequency of the rotor increases.

The common faults that cause the abnormal increase
in amplitude of the rotor’s power frequency are the mass
imbalance and thermal bending of the rotor. And the reasons
for the mass imbalance are the fouling, breakage, or shedding
of components and initial eccentricity, while the causes of
the thermal bending are the inappropriate parking of unit
and uneven heat in movement. The T-S fuzzy gate fault tree
constructed with this method is depicted in Figure 1. Table 2
represents the corresponding modes or causes and states of
faults of each node.There are two states (yes, no) in the events
of an abnormal increase in amplitude of the rotor’s power
frequency and a breakage or shedding of the component and
three states (severe, general, and none) for the other fault
events. Then, the T-S fuzzy gate fault tree is transformed into
a Bayesian network depicted in Figure 4 according to the
method depicted in Figure 3.

Table 3 shows the fault data of some root nodes.This data
comes from some large pumping stations in Jiangsu Province
in recent years and is sorted out by using statistics. When
the fault state of fundamental frequency is 1, combine these
data and consultations with experts, and the possible fault
probability fuzzy subset of the rotor system are shown in
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Figure 4: Bayesian network for fault diagnosis when the amplitude
of the rotor’s power frequency increased.

Table 2: The fault modes and cause for increased amplitude of the
rotor’s power frequency.

Symbol Node events State(1, 0.5, 0)
𝑦1 Abnormal increase in

fundamental frequency (Yes, No)

𝑦2 Quality imbalance (Serious, General,
No)

𝑦3 Rotor thermal bending (Serious, General,
No)

𝑥1 Fouling (Serious, General,
No)

𝑥2 Parts break or fall off (Yes, No)

𝑥3 Initial eccentricity (Serious, General,
No)

𝑥4 Improper starting and stopping (Serious, General,
No)

𝑥5 Uneven heat in the movement (Serious, General,
No)

Table 3: Partial characteristic data of fault state of rotor system of
some large pumping stations in Jiangsu Province.

Node 𝑦1 𝑦2 𝑦3 𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

State

1 1 0 1 0 0.5 0 0
1 0 1 0 0 0 0.5 0.5
0 0 0 0 0 0.5 0 0
0 0.5 0 0.5 0 0 0 0
0 0 0.5 0 0 0 0.5 0
. . . . . . . . . . . . . . . . . . . . . . . .

Table 4: Fault probability fuzzy subset of root node with fault state
1.

Rules 𝑥𝑖 𝑥𝑖 fault probability fuzzy subset of 𝑥𝑖 (/h)𝑥1 {3.95 × 10−6, 4.0 × 10−6, 4.05 × 10−6}
𝑥2 {0.98 × 10−6, 1.0 × 10−6, 1.02 × 10−6}
𝑥3 {2.47 × 10−6, 2.5 × 10−6, 2.53 × 10−6}
𝑥4 {2.47 × 10−6, 2.5 × 10−6, 2.53 × 10−6}
𝑥5 {2.96 × 10−6, 3.0 × 10−6, 3.04 × 10−6}

Table 4, where the central value of every fuzzy probability
subset is the maximum possible value of probability of fault,
and the left is the lower limit, and right is the upper limit.

Table 5: The fuzzy gate rules for imbalance of rotor’s quality.

Rules 𝑥1 𝑥2 𝑥3 𝑦2
0 0.5 1

1 0 0 0 1 0 0
2 0 0 0.5 0.55 0.25 0.2
3 0 0 1 0.1 0.35 0.55... . . . . . .
16 1 1 0 0.05 0.05 0.9
17 1 1 0.5 0 0.05 0.95
18 1 1 1 0 0 1

Table 6: The fuzzy gate rules for thermal bending of rotor’s quality.

Rules 𝑥4 𝑥5 𝑦3
0 0.5 1

1 0 0 1 0 0
2 0 0.5 0.5 0.3 0.2
3 0 1 0.1 0.3 0.6
4 0.5 0 0.5 0.3 0.2
5 0.5 0.5 0.2 0.3 0.5
6 0.5 1 0.05 0.15 0.8
7 1 0 0.1 0.3 0.6
8 1 0.5 0.05 0.15 0.8
9 1 1 0 0 1

Table 7: The fuzzy gate rules for increased amplitude of the rotor’s
power frequency.

Rules 𝑦2 𝑦3 𝑦1
0 1

1 0 0 1 0
2 0 0.5 0.6 0.4
3 0 1 0.4 0.6
4 0.5 0 0.65 0.35
5 0.5 0.5 0.3 0.7
6 0.5 1 0.2 0.8
7 1 0 0.3 0.7
8 1 0.5 0.2 0.8
9 1 1 0 1

Tables 5∼7 are the fuzzy gate rule corresponding to the
constructed T-S fuzzy gate fault tree. For example, rule 1 in
Table 5 indicates that when the state of (𝑥1, 𝑥2, 𝑥3) is (0,0,0),
the probability that the upper event takes 0, 0.5, and 1 is 1, 0,
and 0, respectively.

The fault probability fuzzy subsets of 𝑦1, 𝑦2, and 𝑦3 can be
obtained in Table 8 by (1) and (8).

When the fault state of the leaf node 𝑦1 is 1, the fault
probability of the root node 𝑥1 = 1 can be obtained by (7).

𝑃 (𝑥1 = 1 | 𝑦1 = 1) = 𝐸[�̃� (𝑥1 = 1, 𝑦1 = 1)�̃� (𝑦1 = 1) ]
= 0.11649.

(9)
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Table 8: Probabilities fuzzy subsets of leaf nodes and intermediate
nodes.

Node state Fault probability fuzzy subset
�̃�(𝑦1 = 1) {9.264 × 10−6, 9.385 × 10−6, 9.507 × 10−6}
�̃�(𝑦2 = 0.5) {4.195 × 10−6, 4.250 × 10−6, 4.305 × 10−6}
�̃�(𝑦2 = 1) {5.552 × 10−6, 5.625 × 10−6, 5.699 × 10−6}
�̃�(𝑦3 = 0.5) {3.258 × 10−6, 3.300 × 10−6, 3.342 × 10−6}
�̃�(𝑦3 = 1) {4.344 × 10−6, 4.400 × 10−6, 4.456 × 10−6}

Table 9: Conditional probability table of root nodes.

Unit 𝑥𝑖 The probability of failure of 𝑥𝑖 (/h)𝑥1 0.11649
𝑥2 0.43342
𝑥3 0.42758
𝑥4 0.22761
𝑥5 0.22421

Similarly, the fault probability of the remaining root nodes is
shown in Table 9.

In the case where the amplitude of the acquired rotor’s
power frequency increased abnormally, the probability of
fault of each root node is obtained through the above
reasoning. From Table 9, the order from large to small is 𝑥2 >𝑥3 > 𝑥4 > 𝑥5 > 𝑥1. So the most likely cause of the abnormal
increase in the amplitude of the rotor’s power frequency is
breakage or shedding of components and then is eccentric.

5.2. Algorithm Comparison and Analysis. In the case of com-
plete historical data, the structure of BN is constructed by
experts’ experience, and the conditional probability table of
every node is obtained through learning from the data.When
the leaf nodes are abnormal, the traditional fault diagnosis
method based on BN is built through this method, and it
calculates the fault probability of leaf nodes shown inTable 10.
In addition, the BP neural network is trained for the same
data, and the results of fault diagnosis are also shown in
Table 10. Considering the incomplete data, the states of some
nodes are set as unknown, and the results of fault diagnosis
through themethod this papermentions, traditional BN, and
BP neural network are also shown in Table 10.

For ease of analysis, the results in Table 10 are converted
into the line chart shown in Figure 5. It can be seen from
the figure that when the historical data is complete, the
results of the method proposed in this paper are similar to
that of traditional fault diagnosis method based on BN, so
the effectiveness of the method proposed in this paper is
demonstrated. But the results of the method based on BP
neural network have errors with both, because fault diagnosis
based on BP neural network requires a lot of effective
historical data, which is not available in reality. When the
historical data is incomplete, the results obtained by the three
methods are all in error with that obtained when the data
is complete. But the diagnosis results of the method in this
paper are closer to that with complete data. The reason is
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Figure 5: The fault probability of root nodes when the leaf nodes
state is 1.

that when the data is incomplete, the accuracy of diagnosis
result through traditional BN is affected by the increasing
error in parameter learning, and the diagnosis result of BP
neural network is more inaccurate because of the incomplete
data. The method in this paper can reduce the impact of data
loss effectively for the integration of experts’ experience and
T-S fuzzy fault tree.

In this paper, T-S fuzzy fault tree is used in construction,
and the advantage of BN is used in reasoning. At present,
the reasoning algorithm based on joint tree is the fastest in
calculation and the most widely used in BN. The computa-
tional complexity of the method is exponentially increasing
with the increase of the largest agglomeration in the joint tree.
In dealing with general BN, the computing speed of current
computers can meet the requirements.

6. Conclusions

This paper combines the T-S fuzzy fault tree method with
Bayesian network method to solve the problem of fault
diagnosis of pumping unit. This method overcomes not only
the complex reasoning of T-S fuzzy fault tree method but also
the difficulty of determining the structure and conditional
probability table of Bayesian network.The effectiveness of the
method is verified by fault diagnosis of the rotor, which is
one of the most prone parts in the pump unit. The results are
superior to the simple Bayesian network method when the
data is insufficient. This method can be applied to the fault
diagnosis of pumping station with complex structure, many
uncertainties, and multiple mapping.
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Table 10: Fault probability of root node when the state of leaf nodes is 1.

Root node 𝑥𝑖 Complete data Incomplete data
BN FFTA&BN BPNN BN FFTA&BN BPNN

𝑥1 0.11721 0.11649 0.11525 0.12412 0.12018 0.10525
𝑥2 0.45258 0.43342 0.46220 0.42775 0.44785 0.42550
𝑥3 0.42334 0.42758 0.42353 0.42123 0.43002 0.42023
𝑥4 0.23002 0.22761 0.21002 0.24024 0.22886 0.20236
𝑥5 0.22358 0.22421 0.22350 0.19583 0.22410 0.22965
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Quick Response QR barcode detection in nonarbitrary environment is still a challenging task despite many existing applications
for finding 2D symbols. The main disadvantage of recent applications for QR code detection is a low performance for rotated and
distorted single or multiple symbols in images with variable illumination and presence of noise. In this paper, a particular solution
for QR code detection in uncontrolled environments is presented.The proposal consists in recognizing geometrical features of QR
code using a binary large object- (BLOB-) based algorithmwith subsequent iterative filteringQR symbol position detection patterns
that do not require complex processing and training of classifiers frequently used for these purposes. The high precision and speed
are achieved by adaptive threshold binarization of integral images. In contrast to well-known scanners, which fail to detect QR
code with medium to strong blurring, significant nonuniform illumination, considerable symbol deformations, and noising, the
proposed technique provides high recognition rate of 80%–100% with a speed compatible to real-time applications. In particular,
speed varies from 200ms to 800ms per single or multiple QR code detected simultaneously in images with resolution from 640 ×
480 to 4080 × 2720, respectively.

1. Introduction

Quick Response (QR) codes are widely used for tracking
labeled industrial and commercial products, advertising and
marketing, sale of goods, identification of business cards,
bank accounts, immigration stamps, post mailing, virtual
store, and entertainment and, in general, in many situations,
where sharing information about any object is required.With
the development of wearable and ubiquitous smartphones,
QR code scanners are available anytime and anywhere
providing quick high density data storage and retrieval of
data, which is based on the arrangement of multiple simple
geometric shapes over a fixed space. It is very cheap, reliable,
and secure way to include information on objects that can be
exploited by augmented and mixed reality systems with low
requirements to their computational power. Since February
2015, the QR code is regulated by ISO/IEC 18004:2015 stand-
ard clarifying previous 4 standards (1997–2006) and contains
detailed information about automatic identification, data

capture techniques, and QR symbol specifications of modern
versions [1].

It seems that there exists a tacit assumption that problem
of QR code detection and recognition is already solved.
However, well-known applications still lack high precision,
when the QR code is captured in uncontrolled environments
frequently under weak and nonuniform illumination, with
significant symbol deformation, rotation, occlusion, noising,
and distortion due to perspective. Moreover the detection
and recognition of QR code become more challenging, when
multiple symbols are present on a given scene.

Most of available commercial applications for QR code
identification are very efficient in processing only high quality
images, sometimes with slight symbol inclination and distor-
tion.Unfortunately, invariance to symbol rotation and scaling
is resolved by manual adjustment and framing by the user as
well as simultaneous processing of multiple QR codes with
low contrast, variable illumination, and significant distor-
tion is still open problems [2–5].
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Separator for position detection
patterns (SPDP)

Position detection patterns
(PDP) encompassed by SPDP

Timing patterns

Alignment patterns

Figure 1: Structure of generic QR code with finding (PDP and
SPDP), alignment, and timing patterns.

A standard structure of QR code ensures compatibility of
the information storage and recognition. In Figure 1, the basic
control patterns used for QR code detection are presented. In
order to improve performance of QR code scanners, in this
paper, a particular attention is given to symbol detection and
alignment using primary position detection patterns (PDP)
surrounded by separators for position detection patterns
(SPDP) [1, 6, 7]. Thus, into QR symbol, the PDP-SPDP
patterns situated on its three corners are used for detection
of QR code position and orientation in image.

Alignment and timing pattern are used as marker points
in order to identify and scan a QR code. Encoded binary
data and error correction codewords as a set of small white
and black squares are placed into region depicted in gray for
simplicity (see Figure 1).

Themain goal of this paper is to improve themost critical
processes of single and multiple QR codes identification and
alignment in images with variable illumination, presence
of noise, and significant distortions of QR symbols. The
particular task of QR code content analysis is not considered
in this paper. After the position and orientation of QR code is
found in image, any standard algorithmmay be used for data
decoding including if necessary Reed-Solomon error correc-
tion [1, 7]. In order to speed up discovering and alignment
of QR codes, only three finding patterns will be processed,
reducing complexity of detection procedure and providing

high precision of identifying multiple QR symbols in images
captured in uncontrolled environments. Additionally, the
white four-module-wide quiet zone (margin) at all sides of
the symbol for its separation frombackground is not required
in the proposed approach.

The rest of the paper is structured as follows. Firstly, an
overview of recent advances and trends for QR code detec-
tion, processing, and recognition is presented. Then, follow-
ing the introduced methodology that integrates existing and
novel techniques for QR code identification and alignment, a
novel approach is proposed and discussed. Based on results
obtained in multiple tests with ad hoc designed framework,
the assessment of approach functionality and ability to iden-
tify single andmultiple QR codes in changing ambient condi-
tions is given. Finally, a critical discussion of performance of
the proposed approach, its comparison to recently reported
methods, contributions, and future works are presented.

2. Modern Techniques for QR Code
Detection and Recognition

The basic standard procedure for detecting QR code consists
of several steps. It is important to select themore critical steps
and analyze existing technical difficulties for accurate QR
code detection, alignment, and recognition.This information
will be used for novel proposals looking for performance
improvement of modern QR code processing tool.

As usual, the first step consists in the mapping intensity
of each color pixel to more appropriate array. Therefore, the
functions for this mapping include image size normalization,
contrast enhancement, noise reduction, pseudocolored gray
scale or integral image generation, local or global image fea-
ture extraction in space, frequency, or other domains [8–10].
In this step, the selection of particular image preprocessing
technique determines the expected complexity of QR code
scanner as well as precision and speed of symbol detection
and recognition. Because QR code consists of black squares
on a white background, the binarization of image captured
by code scanner is required for fast symbol processing.
This step directly defines accuracy of symbol detection and
analysis. Due to the fact that QR processing tool will operate
in uncontrolled conditions, the binarization methods must
be invariant to changes in illumination and nonsensitive to
noise. Although there aremany high performance image pro-
cessing techniques for solution of this problem, modern QR
code scanners still fail during detection and interpretation of
blurred, low contrast, and significantly uneven illuminated
symbols [2, 5, 10–12].

The next step consists in finding the position detection
patterns PDP of QR code, symbol alignment, and correction
of distortions that in practice are caused by symbol rotation,
skewness, slope, or occlusion. Unfortunately, modern com-
mercial applications used for QR code recognition lack auto-
matic detection of rotated symbols (symbolmust bemanually
framed) and they fail when even slight deformations of QR
symbol dimensions are presented [13–16]. Solution of this
problem is a challenging task that should improve existing
equipment for QR code processing. Finally, decoding and
visualization of stored in QR code information are provided
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by using Reed-Solomon error correction procedure that
supports accurate data recognition even though 7%, 15%,
25%, or 30% of bits of symbol are damaged [7, 17, 18].

Nowadays, the most widely used approaches for QR
code detection and recognition may be subdivided into
knowledge-based, feature invariant, template matching, and
appearance-based methods. The first group of these ap-
proaches includes several methods based on dimensionality
reduction, which consider a region of interest as whole entity
and try to localize its core components. The use of formalism
for knowledge representation and reasoning for solution of
complex problems improves accuracy, recall, and increments
speed of these methods. Under controlled conditions, they
provide good results, but often they are sensitive to rotation
and scaling as well as requiring a structured environment
[10, 19, 20].

The second group of techniques uses local features of
single pixel or small region (color, gradient, gray value,
dimensionality, texture, etc.) invariant to alteration of illu-
mination, noise, scale, orientation, and changes in viewing
direction providing robust pattern recognition under differ-
ent conditions.These techniques are known as Scale Invariant
Feature Transform (SIFT), Difference of Gaussian Points
(DoG), EntropyBased Salient Region detector (EBSR),Harris
and SUSANcorner detectors, Intensity Based andEdge Based
Regions, Gradient based algorithms, and others. However,
the computational complexity of these approaches frequently
is too high in real-time applications and, in general, ideal
distinctive properties of local features cannot be reached due
to the simplicity of features themselves [9, 21, 22].

The template matching techniques involve the evaluation
of similarity of predefined template with image regions
during translation of template to every possible position in
that image. If the correlation between test region and template
is large enough, then detector returns an exact position of
region of interest within an image with description of shape
and orientation similar to template [2, 23]. Various formal
metrics are frequently used to find the location of region of
interest into image. The most popular quantitative similarity
measures are the Sum of Absolute Differences (SAD), the
Sum of Squared Difference (SSD), and the Normalized Cross
Correlation (NCC). The SAD and SSD do not require com-
plex computation providing fast and simple template search-
ing process. However, for these measures, some factors like
tolerance to deformation, robustness against noise, feasibility
of template matching during image distortion, and other fac-
tors must be taken into account because they are sensitive to
occlusions and variationswithin template.On the other hand,
the NCC measure is more accurate and robust for images
under nonuniform illumination, but it is much slower than
previous approaches inmatching process and it requires high
computational efforts if exhaustive search is applied [23–25].

Within the group of appearance-based object recognition
methods only pattern appearance is used, which is commonly
captured by different two-dimensional views of that tested
pattern. In some scientific reports the local and global
appearance-based approaches are distinguished. The local
approaches are used to process regions of interest charac-
terized by corners, edges, and shapes, while the global

approaches use color, entropy, moments, and sometimes
semantics, which in formal manner may be described by fea-
ture descriptors or vectors [26, 27]. The obtained feature vec-
tors are compared to descriptors of previously preprocessed
images during recognition and classification processes. In
contrast to local approaches, the global approaches trans-
form thewhole input image onto a suitable lower dimensional
data set that does not require complex and time-consuming
processing. Among the global appearance-based approaches
the well-known and widely used techniques vary from sim-
ple histogram-based statistical ones to more sophisticated
dimensionality reduction approaches such as Principle Com-
ponent Analysis (PCA) or Karhunen-Loève transformation
(KLT), Independent Component Analysis (ICA), and Non-
negative Matrix Factorization (NMF). Although, in global
methods, the information about image structure can be
modeled and processed in more suitable and simple way,
the encoding size of dimensional data sets is enlarged con-
siderably and the required iterative training and the evalua-
tion processes limit use of these methods in real-time appli-
cations [26, 28, 29].

Taking into account the mentioned classification of
modern efficient pattern recognition methods, the following
recent and relevant scientific reports for analysis of QR codes
are distinguished. One of the common approaches for QR
symbol detection is based on analysis of regular component-
connected regions in arbitrarily acquired images using inten-
sity of pixel as discriminator for searching particularly, QR
position detection patterns (PDPs) [2, 8, 9]. Then each
connected region is labeled using geometrical restrictions
among detected components finding the presence of three
corners with PDPs. For example, Belussi and Hirata in [8]
report the achieved detection rate about 90% on a speed
compatible with real-time applications.

The accuracy of QR code detection mostly depends
on quality of binarization process. In order to provide
invariance of binarization to nonuniform illumination, the
statistical-decisionOtsu’s thresholdingmethod is widely used
[13, 30]. For example, Gu and Zhang in [13] proposed
fast approach that provides QR symbol detection with its
geometric correction of tilt and orientation in images with
variable illumination. The recognition rate depends on used
binarization and feature extraction techniques. So, using
Otsu’s method, the approach achieves 90% of recognition
rate with average time about 6ms, while bimodal histogram
method assures recognition rate about 80%. Much slower
are code detectors implemented using genetic algorithmwith
average time about 20ms and adaptive threshold method
required 220ms [10, 13].

In fact, the approach based on processing image his-
togram is frequently used for feature extraction. For example,
Ciazynski and Fabijanska in [31] propose to exploit cor-
relation between reference and input images of QR code.
Firstly, an image is divided into blocks used to build binary
map of regions similar and dissimilar to QR code in terms
of histogram. Finally, morphological operations are applied
to binary map for identifying the QR code in images with
different lighting condition, resolution, symbol geometric
distortion, and orientation. The achieved recognition rate
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about 82% and the required average time of 800ms signifi-
cantly depend on symbol illumination and orientation.

Some recentmethods exploit combination of well-known
approaches with the principal purpose to increment recog-
nition rate and processing speed. For instance, Kong in [15]
introduces an algorithm for detection of QR symbol with
distortion applying perspective correction. High recognition
rate of 88.5% is reached using local threshold binarization
method with convex hull algorithm for symbol finding and,
applying Harris corner detection morphological filtering, the
extraction of outline of code is provided with correction of
symbol orientation and perspective.

Waghmode and Chhajed in [32] propose interesting
solution for treatment of images with low resolution acquired
from mobile cameras, where QR code is affected by noise,
nonuniform illumination, and distortion. In order to adjust
distortions due to perspective, the inverse perspective trans-
formation prior to binarization is applied and then using
method of dynamic window is suggested. It provides detec-
tion of objects of different sizes and uneven illumination with
100% of recognition rates. Unfortunately, there are no precise
specifications of conducted tests for substantiation of such
accuracy of QR code detection and recognition.

Due to standard geometry of QR code, the most popular
approach for symbol detection is Hough transform [11, 30].
For example, Zhao et al. in [33] propose using Hough trans-
form and Sobel operator to extract edges and find QR code.
Next, a space transformation to correct image distortion is
applied, achieving precision of recognition about 98.57%with
the average time equal to 38ms. Similarly, the proposal of
Chou et al. in [34] consists in localization and segmentation
of QR codes with Hough transform, applying then a con-
volutional neural network used for symbol recognition in
images with blur, rotation, and uneven illumination reaching
correct detection rate about 95.2%. More similar to the
proposed approach, in this paper, it consists of multistage
classifier based on Hough transform that improves QR code
detection by relying only on the geometry of symbol and its
deterministic properties without using complex filters [28].
Its principal advantage is the ability to detect multiple QR
codes at random places on arbitrary position and rotation in
integral images with correct detection rate at least 95% with
average recognition time about 100ms.

In general, most of mentioned evaluated approaches
detect and recognize QR code with sufficiently high accuracy
and speed with low impairments in controlled environ-
ments. However, they fail with medium to strong blurring,
significant nonuniform illumination, symbol deformation,
and noising and the simultaneous detection of multiple QR
symbols in image is still open problem.

3. Proposed Approach for QR Code Detection

Themethodology for designing high efficient QR code detec-
tion and recognition approaches is established by definition
of necessary technical requirements, using analysis of appli-
cability of evaluated previously pattern recognition methods
as well as taking into account the expectations of conceptual
and practical contributions.Themain objective is to find PDP

(position detection pattern) into SPDP (separator for position
detection pattern) within QR code in image (see Figure 1)
with high speed and precision even though QR symbol may
be rotated, partially occluded, distorted (in perspective), or
affected by low, nonuniform illumination and noise into
uncontrolled environments. The proposed solution consists
in generation of regions called binary large objects (BLOBs)
of 8 connected pixels.Then BLOB iterative filtering is applied
to remove those regions that are not geometrically similar to
PDP into SPDP of standardQR code.The proposed approach
is described in four steps which are introduced as follows.

Step 1 implies image preprocessing, binarization, and
BLOB generation, which then is used for QR code searching
according to block diagram presented in Figure 2. The input
image is scaled to dimension of 640 × 480 (due to an accept-
able compromise between precision and processing speed)
and then the summed area table (integral image) is generated
in a single pass over gray scale image according to

𝑓integral (𝑥, 𝑦) = ∑
𝑥𝑖≤𝑥

∑
𝑦𝑖≤𝑦

𝑓 (𝑥𝑖, 𝑦𝑖) . (1)

The summed area table represents image cumulative mul-
tidimensional probability distribution functions used for
computing some features, for example, local means, vari-
ances, or Haar-based characteristics required for detection
of particular regions of interest. The advantage of processing
integral image is high speed of evaluated pixel intensities over
any rectangular area using only four array references that are
the corners of that rectangle.

Binarization of a gray scale image is provided according
to (2), applying to integral image the adaptive thresholding
with a mask of size 13 × 13 appropriate for selected image
size of 640 × 480. If the value of evaluated point of integral
image 𝑓integral(𝑥𝑖, 𝑦𝑖) is equal or greater than 𝑘 = 0.98 of local
mean of 𝑛 = 169 values under 13 × 13 mask, the white pixel
𝑓white(𝑥, 𝑦) is generated in this point position; otherwise a
pixel is part of black background.

𝑓white (𝑥𝑖, 𝑦𝑖) = 1

if 𝑓integral (𝑥𝑖, 𝑦𝑖) ≥
𝑘
𝑛

𝑛−1

∑
𝑗=0

𝑓integral (𝑥𝑗, 𝑦𝑗) .
(2)

The coefficient 𝑘 restricts the number of white pixels
that form connected components (BLOBs). Only 2% of
points with the highest values in the integral image have
been accepted for generation of relevant BLOBs useful for
specific task of QR code detection. Binarization with adaptive
thresholding is very efficient for gray scale images with
low contrast and weak and uneven illumination as well
as presence of noise [35]. Then each region formed by 8
connected white pixels the random color is assigned to a
forming image of colored BLOBs. Every BLOB now may be
encompassed by the smallest not rotated rectangle defined
by upper left and lower right corners. The list of all BLOBs
and their corresponding surrounding rectangles is stored in
BlobList.

Following procedure is used for filtering BLOBs with
surrounding rectangle particularly, similar to square. So,
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Figure 2: Step 1: block diagram of algorithm for image preprocessing, binarization, and selection of square BLOBs.
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Figure 3: Partial results of applied algorithmof step 1: (a) original image; (b) binarizationwith adaptive thresholding; (c) generation of colored
BLOBs; (d) filtered square BLOB highlighted by red rectangle.

removing rectangles with height/width relation that are not
equal to 1 is provided by using BLOB features as density and
ratio defined by

𝐵𝑙𝑜𝑏.𝐷𝑒𝑛𝑠𝑖𝑡𝑦 [𝑖] = Number of pixels in BLOB
BLOB height ∗ width

𝐵𝑙𝑜𝑏.𝑅𝑎𝑡𝑖𝑜 [𝑖] = BLOB smallest side
BLOB largest side

.
(3)

Empirically selected limits forDensity< 0.25 and forRatio
< 0.15 guarantee that filtered BLOBs will be square connected
components possibly similar to QR code PDPs even though
these patterns may be rotated or in perspective. In Figure 3,
the results of applying the described procedures are shown.

The last important procedure of step 1 is ordering BLOBs
in the final squareBlobList according to increasing distance of
particular BLOB centroid (center of rectangle that surrounds
a BLOB) from origin of binary image with coordinates
(𝑥0, 𝑦0).

Step 2 is used to find groups of BLOBs with similar
positions of their centroids. Later they will be used to select
regions similar to SPDPs that surround searched PDPs in QR
code (see Figure 1). A specific order of BLOBs in squareBlob-
List arranged by increasing distance between BLOB centroid
and image origin𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝐵𝑙𝑜𝑏𝑖 is used to reduce the number
of grouped BLOBs with the similar distance by applying

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝐵𝑙𝑜𝑏𝑚 ≤ 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝐵𝑙𝑜𝑏𝑛

+ 1
3
𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙𝐿𝑒𝑛𝑔𝑡ℎ𝐵𝑙𝑜𝑏𝑛.

(4)

BLOBs, which have similar position of their centroids,
correspond to situation that smaller BLOB lies into bigger
BLOB as PDP lies into SPDP inQR code. Equation (4) groups
BLOBs with similar centroid and removes single BLOBs.The
final procedure of step 2 selects groups of BLOBs with similar
centroid position and labels, which is the biggest and the
smallest BLOB comparing their width. The BLOBs in group
are ordered from the biggest to smallest one. In Figure 4, the
block diagram of algorithm for grouping BLOBs with similar
centroids is shown.

Step 2 returns groups of BLOBswith their similar distance
from origin; however, now only groups of BLOBs that are
surrounded by other ones must be selected. Thus, step 3
is used to found only such groups of BLOBs with similar
centroid positions, where the small BLOB is surrounded by
one or more BLOBs of bigger size. Solution of this problem
in known approaches is done by computing a ratio between
black/white/black/white/black sections of red lines that pass
through center of finder pattern as shown in Figure 5(a).
For any QR code, the proportions between line sections are
roughly the same (1 : 1 : 3 : 1 : 1) and do not depend on the angle
of line that crosses PDP-SPDP group [7]. Another approach
used in Open CV consists in detection of 2D polygons
applying ratio theorem and identifying three nested contours
of finding patterns of QR code [36]. Then four corners of
each polygon are determined by measuring the distance
between each point on the perimeter and the center of
pattern. In order to speed up PDP recognition process in the
proposed algorithm, the dimensions of the biggest BLOB that
surrounds the smallest ones are defined by three corners A,
B, and C as shown in Figure 5(b). The simplest way to select
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Figure 5: Considerations for selection of BLOB pairs similar to PDP into SPDP: (a) technique used in [7]; (b) technique of the proposed
approach.

groups of BLOBs similar to PDP into SPDP is to restrict the
area, where smaller BLOBsmay be found between horizontal
lines with coordinates 𝑝.1𝑦 and 𝑝.2𝑦 and vertical lines with
coordinates 𝑝.1𝑥 and 𝑝.2𝑥 of the biggest BLOB.

The algorithm for evaluation of possible displacement of
smaller BLOB nested into bigger one defined by coordinates
of lines 𝑝.1𝑥, 𝑝.2𝑥, 𝑝.1𝑦, and 𝑝.2𝑦 is presented in Figure 6.

In order to select pair of two BLOBs similar to PDP into
SPDP, the relationship of theirwidths is evaluated (see Figures
5(b) and 6). Additionally, to assure that inner BLOB is filled
and outer surrounding BLOB looks like frame, their Density
features are computed as (connected pixels of blob)/(width
× height). Finally, the Inner-BlobList (set of found PDPs) is
generated.

However, applying the previous 3 steps to image with
QR code, more than three nested PDP BLOBs with similar
features may be found. Therefore, in step 4, the algorithm
presented in Figure 7 filters only three PDP BLOBs required

forQR code detection.The features used for filtering are com-
puted by (5) as average size avgSize[𝑖] of each of 𝑛BLOBs from
Inner-BlobList and average of all avgSize[𝑖] gives sizeMean.
The idea is to find size deviation of BLOB avgSize[𝑖] with
respect to sizeMean with limits defined by geometry of
standard QR code. So, the lower limit is taken as the average
size of the smallest BLOB minavgSize = min{avgSize[𝑖]} and
the upper limit is an average size of the biggest BLOB
maxavgSize =max{avgSize[𝑖]}.

𝑎V𝑔𝑆𝑖𝑧𝑒 [𝑖] =
width [𝑖] + height [𝑖]

2
;

𝑠𝑖𝑧𝑒𝑀𝑒𝑎𝑛 = 1
𝑛

𝑛

∑
𝑖=1

𝑎V𝑔𝑆𝑖𝑧𝑒 [𝑖] .
(5)

If avgSize[𝑖] of BLOB does not lie into the range limited
by size deviation shown in algorithm of Figure 7, that BLOB
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Figure 6: Step 3: block diagram of algorithm for detecting groups of BLOBs, where inner BLOBs are surrounded by the biggest one.

For all BLOBs in Inner-BlobList compute avgSize[i];
Select minavgSize and maxavgSize;

Compute sizeMean

1/2(maxavgSize − minavgSize) < avgSize[i]
< 2/3(sizeMean + maxavgSize)

Remove BLOB if

Generation of PDP‐BlobList that have passed a test

Figure 7: Step 4: block diagram of algorithm for detecting three PDPs in QR code.

Figure 8: Detection of PDPs of QR code with variable illumination, rotation, and distortion.

is removed. The resulting PDP-BlobList contains three PDPs
ordered by their distances to the origin. In Figure 8, some
examples of applying the described steps of the proposed
algorithm for PDP detection are presented. It is important to
mention that approach detects PDPs invariant to rotation and
distortions.

In order to detect orientation of QR code based on
three detected PDPs, the following procedure is proposed. In
contrast to complex techniques used in well-known systems
for code detection [7, 10, 14, 16, 36], the length of line
segments between centers of PDPs andmiddle ofAB,AC, and
BC segments are found as shown in Figure 9(a). The shortest
segment (e.g., A-MidBC) indicates that PDP A corresponds
to the corner with angle of 90∘. Many applications visualize
the detected rectangular triangle so, in the designed applica-
tion for the proposed approach, the detected triangle also is
shown providing information about three detected PDPs as
depicted in Figures 9(b) and 9(c).

The proposed approach can find several separated QR
codes in image even though they are rotated or in perspective.
If the QR codes are too close to each other, algorithmmay fail
to distinguish them. The detailed evaluation of the proposed
approach is presented in the next section.

4. Results and Discussion

In order to evaluate the proposed approach, various exper-
iments have been conducted with the designed application
(framework), whose graphical user interface is shown in
Figure 10.The interface visualizes results of applying the pro-
posed algorithms on each of four steps and it finally shows
detected QR code PDPs into SPDPs. In the central part
of interface, the results of applying particular steps of the
proposed approach are presented. For example, in Figure 10,
detected BLOBs after step 3 are depicted and the obtained
Inner-BlobList is shownon the right (sectionBLOBCOUNT).
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A B
MidAB

C

MidAC MidBC∗

∗

∗

(a) (b) (c)

Figure 9: (a) Detection of rectangular triangle; (b) example of detected triangle; (c) detection of multiple QR codes with corresponding
triangles connecting three PDPs.

Figure 10: GUI of the designed application for evaluating proposed
approach for QR code detection.

Information about input processed image and its features is
presented on the left part of interface.

For analysis of precision, sensitivity, invariance to vari-
able illumination, pattern rotation, and distortion including
images with noise and blurring, particularly six sets of dif-
ferent tests have been conducted on the computer with Core
Duo processor of 3.3 GHz with 4GB of RAM. More than 200
images have been taken from online collections, which fre-
quently are used in scientific reports to generate datasets for
tests [2, 37]. Unfortunately, there are no standard databases
for homogeneous evaluation of QR code scanning applica-
tions with similar previously labeled images. That is why
different authors use proper collections of images.

In the first set of tests, the ability of the approach to detect
only one complete nondeformedQR code (with size at least of
25× 25 pixels) in focus in images of at least 70× 70 pixels with
soft constant illumination without rotation and perspective is
analyzed. The approach correctly finds and detects 100% of

QR codes in images. It is important to mention that approach
does not require selection and alignment of QR code with
particular frame, where code recognition is provided.

The sensitivity of the approach to detect patterns in
images with weak or uneven illumination is defined by effi-
ciency of used adaptive threshold binarization applied to
integral images. In Table 1, the results of conducted tests with
dataset containing more than 200 images with variable illu-
mination are presented. Each column shows the represen-
tative image (generalized sample) for particular class with
similar illumination, contrast, rotation, distortion, and other
impairments. Additionally, the average QR code detection
rate per class in whole dataset is presented.

It can be seen that the ability of approach to detect QR
code in image with significant illumination variations is very
high. Another advantage of the approach is high recogni-
tion rate of QR code with rotation and deformation and in
perspective as long as the frames of SPDP have no breaks. In
Table 2, some representative examples of tests for evaluation
of the approach capability to detect QR codes with distortion
are presented.

Obviously, the more unexpected advantage of the pro-
posed approach is detection of multiple QR codes simulta-
neously. In Table 3, the results of tests with images containing
multiple QR codes are presented. If codes lie too close one to
each other, the approach fails to distinguish them.This is due
to the fact that the proposed approach has not been designed
for detection of multiple codes. This problem may be solved
by surrounding each QR code with corresponding rectangle,
which will restrict a list of inner PDPs of each code.

As it has been mentioned previously, there is not any
standard labeled image database for evaluation ofwell-known
or new applications for QR code detection. However, in
order to compare the performance of the proposed approach
withmodern relevant applications, the following experiments
have been carried out. They consist in a comparison of
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Figure 11: Required time for detection of single or multiple QR symbols in images with different dimensions.
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Figure 12: (a) and (b) diverse 2D geometric patterns; (c), (d) associated Microsoft XNA 3D model with pattern (a); (e) associated Microsoft
XNA 3D model with pattern (b) [38].

capabilities of the proposed and different commercial appli-
cations to detect single or multiple QR codes with rotation,
distortion, and variable illumination.

The obtained results are resumed in Table 4, where in the
first row the images used in tests are shown. In the 2nd, 3rd,
and 4th rows, the results obtained by using commercial QR
code scanners are presented. In general, themost applications
requiremanual fitting of rotatedQRcodes and all of the tested
apps cannot resolve QR code with significant distortions or
multiple symbols.

Additionally, the time for detection of single or multiple
QR codes in images with different dimensions has been
evaluated. The obtained results presented in Figure 11 show
that the detection time of one QR symbol is in the range
of 250–450ms for images with dimensions from 480 × 420
to 2048 × 1600, respectively. Almost double increment of
the detection time (740ms) is required for images with size
4080 × 2720. The QR code detection time is divided into
the time interval for integral image generation, binarization,
and PDP detection (about 200ms) and the time interval
for image scaling to dimensions 640 × 480 in step 1 of the
proposed approach (which depends on size of original input
image). There is no significant difference in detection time
between one or more QR symbols. The increment of the

time for detecting two, three, or more QR code is about 5%
per additional symbol. A designed application based on the
proposed approach in average requires 0.5 s for detection of
either single or multiple QR symbols that is quite reasonable
time for QR code scanners used by human for quick data
storage and retrieval.

The proposed binary large object-based algorithmmay be
useful in many applications, where recognition of geometric
patterns is required. For example, 2D geometric patterns may
be considered as particular texture that contains 2D grid of
easily recognized texture primitives (i.e., PDP in QR code).
Using the proposed approach, some experiments have been
conducted for association of Microsoft Texture2D resource
(set of 2D grid patterns) with 3D models of Microsoft XNA
Framework Content Pipeline for generation of 3D scenes
as part of developing videogames or generating augmented
reality objects [38]. After recognition of a particular pattern,
for example, as shown in Figure 12(a) or 12(b), the selected
3D models are associated (see Figures 12(c), 12(d), and
12(e)). The capability of the proposed algorithm to recognize
geometric patterns with presence of significant variation
of illumination, skewness, rotation, and distortion assures
correct association of 3D objects with pattern in different
positions.
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5. Conclusion

This paper presents some advances for expanding traditional
approaches for QR code detection in real-time applications.
The conceptual contribution of this paper consists in devel-
opment of approach for precise and fast recognition of single
and multiple QR codes in images captured in uncontrolled
environments, where medium to strong blurring and nois-
ing, significant nonuniform illumination, and considerable
symbol deformations are presented. Taking into account the
advantage of fast and low computational complexity of inte-
gral image processing, in the proposed approach, the cumu-
lativemultidimensional probability distribution functions are
used for computing image local features that define particular
regions of interest. Due to the binarization defining a quality
of image feature extraction, the adaptive thresholding is
applied to integral image with low contrast, presence of noise,
and weak and uneven illumination, providing very efficient
mapping pixel intensities to appropriate one-dimensional
array. In order to detect and recognize QR codes under
uncontrolled viewing conditions, a binary large objects-
(BLOB-) based algorithm is proposed. Generated BLOBs of
8 connected regions of interest in image are filtered by subse-
quent iterative processes leaving only such patterns that rep-
resent standardQR code symbols.This assures the correctQR
code detection, even though QR symbol may be rotated, par-
tially occluded, deformed, skewed by perspective, or affected
by illumination impairments andnoise.Therefore, by the pro-
cessing local geometrical features of QR code, the proposed
approach achieves recognition rate from 80% to 100% for
images acquired in diverse uncontrolled environments with
either low or very high resolution and a speed of code detec-
tion is compatible to real-time applications.The future works
are needed to extend the proposed approach and increase
speed and precision of QR code detection particularly, when
multiple QR symbols have considerable deformations and
occlusions into images with significant uneven illumination
and noise that frequently occurred in real-time QR code
scanning by mobile devices. From practical point of view,
the paper contributes the proposed BLOB-based approach
for single and multiple QR codes detection, which may be
used as promising framework for development of novel high
performance systems for recognition of 2D patterns.
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Range cell migration has a serious impact on the precision of image formation, especially for high-resolution and large-scale
imaging. To get the full resolution and high quality of the image, the range cell migration correction in the azimuth time domain
must be considered. For tackling this problem, this paper presents a novel and efficient range cell migration correction method
based on curve fitting and signal processing. By emulating a curve to approximate the range-compressed echo of a strong point,
the range location indexes of the strong point along the azimuth direction can be obtained under the least squares criterion. The
merits of the proposed method are twofold: (1) the proposed method is robust to the uncertainty of system parameters (strong
tolerance) under real flights and (2) the generalization of the proposed method is better and can be easily adapted to different
synthetic aperture radar (SAR) modes (e.g., monostatic and bistatic). The experimental results on real remote sensing data from
both the monostatic and the bistatic SAR demonstrate the effectiveness.The regressed distance curve is completely coincident with
the trajectory of strong points of the echo. Finally, the imaging focus results also validate the efficiency of the proposed method.

1. Introduction

Synthetic aperture radar (SAR) is an important remote sens-
ing technique, which has attracted more and more attention
since it was proposed [1]. The most significant characteristic
of SAR is its ability to obtain high-resolution microwave
images day and night under all weather conditions [2]. For
this reason, SAR has been widely applied to many fields,
such as generation of digital elevation maps, observation of
volcanic activities and flood disasters, land and sea traffic
monitoring, observation of vegetation growth, monitoring of
ocean currents and traveling icebergs, and detection of oil
spills in the ocean [3–8].

One of the most fundamental and important tech-
niques for SAR application is the imaging algorithm [9].
By now, many efficient imaging algorithms have been put
forward, such as range-Doppler (RD) algorithm [10], chirp-
scaling (CS) algorithm [11], wave number domain algorithm
(Omega-𝐾) [12], and back projection (BP) algorithm [13].
Although all these algorithms are effective, RD algorithm is

the most popular algorithm since it is simple, highly efficient,
and intuitive [14].

A key problem of the RD algorithm is the range cell
migration correction (RCMC) [15]. SAR obtains low-quality
images of the target due to the relative motion between
the radar and the target [16]. Therefore, to obtain high-
resolution images, the signals from the same scatter should
be situated in one range cell. Nevertheless, it is not practical
in view of the platform movement relative to the target,
which is called range cell migration [15]. Generally, the
movement of the range cell will result in coupling between
the range direction and the azimuth direction. That is why
the range cell migration must be corrected before further
processing in RD algorithms [17–19]. The basic objective
of range cell migration correction (RCMC) is to adjust the
received echo of the same target back to the same range
cell [20]. Traditionally, range cell migration can be corrected
through time-domain interpolation or frequency-domain
compensation [21]. The main problems of these methods are
the excessive data operation and the narrow compatibility for
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different SAR configurations.Therefore, there remains a need
for an efficient method that can solve the problems.

In this paper, a curve fitting based range cell migra-
tion correction method is proposed to solve the foregoing
problem. According to the Taylor expansion theorem, the
ranges between the radar and targets can be expressed as
polynomials for both monostatic radar and bistatic radar
[22–25]. A polynomial fitting method based on the least
squares principle [26] is presented to compensate the range
migration. The main idea is to approximate the trajectory of
a strong point in range-compressed echo by making use of a
simulation of the curve, which is fast and robust for real SAR
data application.With the proposedmethod, the operation of
RCMC will become easy, flexible, and efficient.

The following parts of this paper are organized as follows.
In Section 2, the basic formulation of the range cell migration
and the RCMC problem is briefly presented. The basic prin-
ciple of curve fitting and the proposed CF-RCMC method is
described in Section 3. In Section 4, experiments on the real
monostatic and bistatic SAR data for remote sensing by using
the proposed CF-RCMCmethod are presented and analyzed.
Finally, in Section 5, a concluding remark of the present work
is given.

2. Range Cell Migration

The simplified data acquisition geometry of the monostatic
SAR is illustrated in Figure 1. The radar is carried on a
platform moving along a straight line at a constant velocity𝑉𝑇 and a constant attitude. The instantaneous position of the
sensor is P(𝜂), where 𝜂 denotes the slow time.The slant range
from target P𝑡 to the radar at 𝜂 is denoted by 𝑅(𝜂). 𝑅0 denotes
the reference range, which is defined as the nearest slant range
here and is perpendicular to the velocity.

With the well-known Pythagorean Theorem, the range
between the target and the radar can be given by (bistatic)

𝑅 (𝜂) = 𝑅𝑇 (𝜂) + 𝑅𝑅 (𝜂)
= √𝑅0𝑇2 + 𝑉𝑇2𝜂2 + √𝑅0𝑅2 + 𝑉𝑅2𝜂2,

(1)

where it can be approximated by the following polynomials
according to the Taylor expansion theorem:

𝑅 (𝜂) = 𝑅𝑇 (𝜂𝑐) + 𝑅𝑅 (𝜂𝑐)
+ ( 𝑉𝑇2𝜂𝑐𝑅𝑇 (𝜂𝑐) +

𝑉𝑅2𝜂𝑐𝑅𝑅 (𝜂𝑐)) (𝜂 − 𝜂𝑐)

+ 12 (
𝑉𝑇2cos2𝜃Tr,𝑐𝑅𝑇 (𝜂𝑐) + 𝑉𝑅2cos2𝜃Rr,𝑐𝑅𝑅 (𝜂𝑐) ) (𝜂 − 𝜂𝑐)2

+ ⋅ ⋅ ⋅ ,

(2)

where 𝜂𝑐 denotes the azimuth center time when the beam
center passes through the target; 𝜃Tr,𝑐 and 𝜃Rr,𝑐 denote the
squint angles for the transmitter and receiver with respect to𝜂𝑐; 𝑅0𝑇 and 𝑅0𝑅 denote the nearest distance at the initial time𝑡0; 𝑉𝑇 and 𝑉𝑅 denote the velocity of the radar and the target;

Target

Track of sensor

�휃

R
0

R (�휂)

Radar P(�휂)

Pt

Figure 1: SAR geometry. The radar travels along its course at an
altitude with a constant velocity 𝑉𝑇 and the radar transmits and
receives pulses with a squint angle of 𝜃. The center of the imaging
area is 𝑃𝑡, and the nearest slant distance between 𝑃𝑡 and the radar
is 𝑅0. The motion of the radar relative to the target results in
RCM, which is the intrinsic feature of SAR and, however, must be
corrected.

𝑅𝑇(𝜂) and 𝑅𝑅(𝜂) denote the slant distance between the radar
and the target at time 𝜂. Hence,

𝜃𝑗𝑟,𝑐 = arcsin(− 𝑉𝑗𝜂𝑐𝑅𝑗 (𝜂𝑐)) , (3)

where 𝑗 denotes the subscript 𝑇 or 𝑅.
It is not hard to realize that the range history of the

monostatic SAR can be also expressed like (2). However, the
expression is much more complex than that of the bistatic
SAR.

Compared with the size of the range cell, the higher order
terms are so small that they can be ignored:

𝑅 (𝜂)
= 𝑅𝑇 (𝜂𝑐) + 𝑅𝑅 (𝜂𝑐)
+ ( 𝑉𝑇2𝜂𝑐𝑅𝑇 (𝜂𝑐) +

𝑉𝑅2𝜂𝑐𝑅𝑅 (𝜂𝑐)) (𝜂 − 𝜂𝑐)

+ 12 (
𝑉𝑇2cos2𝜃Tr,𝑐𝑅𝑇 (𝜂𝑐) + 𝑉𝑅2cos2𝜃Rr,𝑐𝑅𝑅 (𝜂𝑐) ) (𝜂 − 𝜂𝑐)2 .

(4)

The linear and quadratic components in (4) denote the
range walk and curve, respectively, and they are collectively
known as range cell migration (RCM). RCM results from the
motion of the radar relative to the target results. This relative
motion is the base of SAR and thus RCM is the intrinsic
feature of SAR. However, RCM must be corrected in the RD
algorithm.

Under the condition of small squint angle, the beam
center approximates the zero Doppler direction and 𝜂𝑐 ≈ 0,
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𝜃𝑟,𝑐 ≈ 0. So, the range history is simplified as follows (take the
monostatic situation as an example):

𝑅 (𝜂) = 𝑅0 + 𝑉
2𝜂2
2𝑅0 , (5)

where there is only range curve.
In the RD algorithm, the range cell migration is corrected

in the range-Doppler domain. The corresponding range cell
migration under the condition of side looking is [9]

𝑅 (𝑓𝜂) = 𝑅0 + 𝜆
2𝑅0𝑓𝜂2
8𝑉2 , (6)

where 𝑓𝜂 is the Doppler frequency and 𝜆 is the wavelength.
In the range-Doppler domain, the targets with the same

range have the same range cell migration and they can be
corrected simultaneously, which is also themain advantage of
RD.The objective of RCMC is to remove the migrated actual
track to the nearest slant range location.

3. The Proposed Curve Fitting
Based Range Cell Migration Correction
(CF-RCMC) Method

In traditional methods, RCMC is accomplished through
time-domain interpolation or frequency-domain compensa-
tion. However, the main problems of these methods are the
excessive data operation and the narrow compatibility for
different SAR configurations.

From Figure 2, we can see that the actual track of the
target is a parabola, which is in accordance with the range
history in (5) or (6). If the range history curve can be known,
we can use this curve to correct the range cellmigration.With
this idea, we apply the polynomial curve fitting to obtain this
range curve through simulation.

3.1. Curve Fitting. Thecurve fittingmethod [26] is a common
method that can be applied to construct the approximate
expression of the function 𝑦 = 𝑓(𝑥) according to a set of
experimental data points (𝑥𝑘, 𝑦𝑘), where 𝑥𝑘 and 𝑦𝑘 denote the
values of independent and dependent variables, respectively.
Polynomial fitting is one of the most common fitting models,
which can be expressed as

𝑓 (𝑥) = 𝑎0 + 𝑎1𝑥 + 𝑎2𝑥2 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑥𝑛. (7)

The fitting error between the polynomial and the mea-
sured value is

𝑒𝑘 = 𝑓 (𝑥𝑘) − 𝑦𝑘. (8)

There are many kinds of criterions to minimize the fitting
error. The least squares criterion is widely used and the
squares error is formulated as

𝑄 = 𝑚∑
𝑘=1

𝑒𝑘2 =
𝑚∑
𝑘=1

(𝑓 (𝑥𝑘) − 𝑦𝑘)2

= 𝑚∑
𝑘=1

(𝑎0 + 𝑎1𝑥𝑘 + 𝑎2𝑥𝑘2 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑥𝑘𝑛 − 𝑦𝑘)2 .
(9)
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Figure 2: RCMC sketch.The actual curve track must be removed to
the location of the nearest slant range 𝑅0.

One can solve the equation set or utilize the optimization
method by minimizing the error in (9) to obtain the fitting
coefficients in (7).

3.2. The Proposed CF-RCMC. On the occasion of real data
processing, the motion parameters may not be accurately
obtained and the achieved curve might not fit the RCM
well. In the range-compressed range-Doppler domain, the
track of a strong point target can reflect RCM phenomena.
However, the RCM curve of the strong point target cannot be
directly obtained through the motion parameters since the
strong point target is arbitrarily located. Therefore, we could
adjust the motion parameters to obtain the coefficients of the
quadratic polynomial. Then, we can correct the range cell
migration easily with a totally known expression of the RCM
curve.

The range-compressed echo is a two-dimensional data
matrix with range cell migration. Figure 2 shows the range
migration phenomena of a strong point target in the range-
Doppler domain. Δ𝑅 denotes the range migration of the
strong point target.

The slant ranges are then transformed into range cells for
data processing. In this case, the range index of a strong point
target at the azimuth time 𝑖 is given as

ID (𝑖) = round((𝑅 (𝑖) − 𝑅0) 𝐹𝑠𝑐 ) , (10)

where𝑅(𝑖) is the slant range between the scene center and the
radar position; 𝑅0 is the reference range; 𝑐 denotes the wave
propagation speed; 𝐹𝑠 denotes the sampling frequency. The
symbol round(⋅) denotes the rounding operation.

Once all the ranges are received, they will be employed
by using curve fitting under the least squares criterion. To
obtain appropriate coefficients of the quadratic polynomial,
we can adjust the scene center, the reference range, or
the platform position, such that the simulation curve and
the range migration curve of a strong point are basically
coincident. Then, the obtained curve function can be used
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while 1
(1) Initialize the scene center P𝑐 and the reference range 𝑅0;
(2) Select𝑁 azimuth times; 𝑖 = 0;

while 1𝑖++;
Compute the slant range 𝑅(𝑖) by using Equation (12);
Compute the location ID(𝑖) of the strong point target in the echo by using Equation (13);
if 𝑖 > 𝑁

break;
end if

end while
(3) Perform curve fitting on ID vector and get the simulation curve 𝐶.
(4) if the simulation curve 𝐶 coincides with the range migration line of the strong point;

break;
end if

end while
(5) Remove the target echo of range cells of the nearest slant range location in frequency domain.

Pseudocode 1: Pseudocode of the proposed CF-RCMCmethod.

to compute the offsets. Therefore, the corresponding number
of range cells where the echo should be removed can be
calculated by using the simulation curve, as follows:

𝑆 (𝑖) = round (𝑓 (𝑖) − 𝑓 (𝑛)) , (11)

where 𝑛 denotes slow time of the nearest slant range.
After that, it is easy to convert the range migration line

of the strong point into a line by using the properties of
Fourier transformation. That is, removal in the fast time
domain can be achieved through themultiplication operation
in frequency domain. This operation will be done for every
range cell. Finally, the RD algorithm can be used for SAR
imaging.

The implementation steps of the CF-RCMC method are
listed as follows.

Step 1. Initialize the scene center P𝑐 and the reference range𝑅0.
Step 2. Select one azimuth time and compute the slant range
between the scene center and the radar positions:

𝑅 (𝑖) = √(𝑃1 (𝑖) − 𝑃𝑐)2 + √(𝑃2 (𝑖) − 𝑃𝑐)2, (12)

where 𝑃1(𝑖) and 𝑃2(𝑖) denote the positions of the receiver and
the transmitter, respectively. For monostatic SAR, 𝑃1(𝑖) =𝑃2(𝑖).
Step 3. Compute the location of the strong point target in the
echo

ID (𝑖) = round((𝑅 (𝑖) − 𝑅0) 𝐹𝑠𝑐 ) , (13)

where the round function denotes the nearest integer opera-
tor.

Step 4. Change the azimuth times one by one, and repeat
Steps 2 and 3 until the IDs at all the azimuth times are
computed.

Step 5. Based on the calculated IDs, utilize the curve fitting
method to obtain the quadratic polynomial coefficients.

Step 6. Adjust 𝑃𝑐 and 𝑅0 and repeat Steps 1–5 until the
simulation curve and rangemigration line of the strong point
are basically coincident.

Step 7. Remove the target echo of the corresponding range
cells with respect to the nearest slant range location in the
range frequency domain, by making use of the properties of
Fourier transformation.

Specifically, the pseudocode of the CF-RCMC method is
summarized in Pseudocode 1.

Further, the flow chart of the CF-RCMC method is
summarized in Figure 3.

4. Experimental Results

In this section, the proposed CF-RCMC method is applied
to real data for both the monostatic airborne SAR and the
bistatic airborne SAR. The velocities and the trajectories are
not exactly known because only GPS was used to measure
the antenna attitude, and hencemeasurement precision is not
very high.

4.1. A Brief Introduction of the Radar System. Thementioned
radar system in this paper is an air force military radar. The
referred band is x-band with chirp signal and the bandwidth
is 300MHz. The effective distance of the transmitter is 30∼
60 km with a transmission power of 4000 watts (w). The
effective distance of the receiver is 10∼20 km, and the data
sampling frequency is 1.8 GHz.
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compute the slant range R(i)
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Figure 3: The flow chart of the proposed method, where𝑁 is the total azimuth times.

4.2. Monostatic SAR Experiment. The track of a strong point
target in the range-compressed echo domain is shown in
Figure 4, fromwhich we can see the range cell migration phe-
nomenon clearly. However, the nearest slant range location
does not appear in this figure. When we correct the RCM,
the range at the first PRF (pulse recurrence frequency) is
selected as the nearest slant range.The range cell migration is
extremely serious, which is nearly 90 range cells along 5000
azimuth cells.

After adjusting the scene center and the reference range,
the fitted curve (red solid line) is illustrated in Figure 5.
We can see that this fitted curve is exactly coincident with
the RCM curve of the strong point target. Then, we use
the fitted quadratic curve expression and the properties of
Fourier transformation to correct the RCM in the range
frequency domain. Figure 6 shows the result of CF-RCMC.
The track of the strong point target has been corrected to a
horizontal straight line along the azimuth direction, which
states the efficiency of the proposed CF-RCMC method.
However, it is worth noting that this CF-RCMC method
can only correct the RCM for partial targets around the
selected one located at “the nearest slant range.” In fact, all the

other RCMCmethods also cannot correct the RCM for every
target.

After azimuth compression, the imaging results based
on conventional RCMC used in [19, 20] and the proposed
CF-RCMC are presented in Figures 7 and 8, respectively. In
Figure 7, the whole scene is seriously defocused, especially in
the azimuth direction. In Figure 8, obviously, the image is well
focused and the targets features can be clearly distinguished.
Note that the focusing effect becomes better when the target
is closer to the strong point, which is referred to correct the
RCM.

4.3. Bistatic SAR Experiment. For bistatic SAR, the range his-
tory ismuchmore complex thanmonostatic SAR, which thus
results in more complicated RCMC. However, the proposed
RCMCmethod based on curve fitting can be directly applied
to the bistatic SAR. The processing method for bistatic SAR
is totally the same as that for monostatic SAR.The results for
bistatic SAR are concisely provided below.

The track of a strong point target in the range-compressed
echo domain is shown in Figure 9. The range cell migration
amount is about 400 range cells along 5000 azimuth cells,
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Figure 4: Track of a strong point in the range-compressed echo
(monostatic SAR). The RCM of 90 cells is very serious.
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Figure 5: Curve fitting result (monostatic SAR).The fitted quadratic
curve is coincident with the RCM line (100% for strong points in
echo), which can be used to correct the RCM.

which states that the RCM is much more serious than that
in the monostatic SAR.

The fitted curve is shown in Figure 10, in which the fitted
curve is exactly coincident with the RCM curve of the strong
point target.

The RCMC result is illustrated in Figure 11. Without
more operations than the monostatic SAR, the track of the
strong point target has been corrected to a horizontal straight
line along the azimuth direction. To obtain similar RCMC
performance, the traditional RCMC method may not be
available.

The imaging results based on the conventional RCMC
method [19, 20] and the proposed CF-RCMC for bistatic
SAR are presented in Figures 12 and 13, respectively. In
Figure 12, the defocusing of the image is much more serious
than that in the monostatic SAR due to the larger RCM. As
seen in Figure 13, it is apparent that the CF-RCMC method
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Figure 6: CF-RCMC result (monostatic SAR). The horizontal line
indicates that the RCM has been successfully corrected.
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Figure 7: Imaging result based on conventional RCMC (monostatic
SAR). The whole image is seriously defocused.
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Figure 8: Imaging result with CF-RCMC (monostatic SAR). The
image is well focused, particularly in the region around the strong
point.
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Figure 9: Track of a strong point in range-compressed echo (bistatic
radar). The amount of RCM is much larger than that in the
monostatic SAR.
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Figure 10: Curve fitting result (bistatic radar).The fitted curve is still
coincident with the RCM line (100% for strong points in echo).
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Figure 11: CF-RCMC result (bistatic radar). The RCM can be easily
and successfully corrected.

Azimuth (cell)

Ra
ng

e (
ce

ll)

500 1000 1500 2000 2500 3000 3500 4000 4500 5000

1000

2000

3000

4000

5000

Strong point

Region around
the strong point

Figure 12: Imaging result based on conventional RCMC (bistatic
radar). The defocusing of the image is much more serious than that
in the monostatic SAR due to the larger RCM.
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Figure 13: Imaging result with CF-RCMC (bistatic radar). By using
the RCMCmethod proposed in this paper, the image is well focused.

greatly improves the focusing quality of the imaging for the
bistatic SAR. Particularly, the focusing performance in the
area around the selected strong point target is excellent.

4.4. Discussion. In this paper, the proposed CF-RCMC
method has been demonstrated to be more effective than
the conventional RCMC technique. It is necessary to note
that there is an important difference between the existing
RCMC and our proposed CF based method. As we know, the
traditional RCMCmethods generally choose the nearest slant
range as references, further derive the migration momentum
of the reference points mathematically, and then move the
distance curves to the nearest slope distance in time domain
or frequency domain [20, 21]. Although these methods are
useful in several scenarios, they do not take into account the
parametric uncertainty of the system in actual flight cases,
which lead to a large error between the migration equa-
tion and the actual migration curve. Additionally, another
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disadvantage is that, under different SAR modes such as
bistatic or monostatic, the existing RCMC may not be
generalized in applications.

Comparatively, the proposed CF-RCMC in this paper is
motivated in a different view. Generally, from the magnitude
trajectory of the actual echo strong points, the CF-RCMC
aims at adjusting the calibration parameters such that the
distance curve can coincide with the trajectory of the strong
points of the echo. Then, the migration correction is imple-
mented. The advantages of the proposed method are that, on
the one hand, it is robust to the uncertainty of the system
parameters and, on the other hand, it can also be adapted to
different SAR modes (i.e., monostatic and bistatic).

However, in fact, no matter which RCMC methods are
used, the correction results of nonreference points cannot be
statistically assessed, and therefore we have to evaluate the
effectiveness of RCMCmethods from the imaging result after
azimuth compression. From our observation in experiment,
the regression distance curve coincides with the trajectory of
the strengths of the echo completely; that is, the regression
accuracy for the strong points of the echo is 100%. However,
the regression accuracy of other points (nonstrong points)
cannot be estimated due to the fact that the trajectory in echo
cannot be observed. In the future, machine learning based
methods [27, 28] can be further considered for handling the
issues.

5. Conclusions

The correction for range cell migration caused by the motion
of the radar relative to the target plays an important role in
the RD algorithm in SAR. In this paper, a novel CF-RCMC
method based on the polynomial curve fitting under the least
squares criterion is proposed. This method is applicable not
only to the monostatic SAR but also to the bistatic SAR and
even to any kind of SAR configuration.The high flexibility of
thismethod is significantly important for the simplification of
CF-RCMC. The experimental results of both the monostatic
SAR and the bistatic SAR confirm the effectiveness of the
proposed CF-RCMCmethod.
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We provide a causal inference framework to model the effects of machine learning algorithms on user preferences. We then use
this mathematical model to prove that the overall system can be tuned to alter those preferences in a desired manner. A user can
be an online shopper or a social media user, exposed to digital interventions produced by machine learning algorithms. A user
preference can be anything from inclination towards a product to a political party affiliation. Our framework uses a state-space
model to represent user preferences as latent system parameters which can only be observed indirectly via online user actions
such as a purchase activity or social media status updates, shares, blogs, or tweets. Based on these observations, machine learning
algorithms produce digital interventions such as targeted advertisements or tweets. We model the effects of these interventions
through a causal feedback loop, which alters the corresponding preferences of the user. We then introduce algorithms in order
to estimate and later tune the user preferences to a particular desired form. We demonstrate the effectiveness of our algorithms
through experiments in different scenarios.

1. Introduction

Recent innovations in communication technologies, cou-
pled with the increased use of Internet and smartphones,
greatly enhanced institutions’ ability to gather and process
an enormous amount of information on individual users
on social networks or consumers in different platforms [1–
4]. Today, many sources of information from shares on
social networks to blogs, from intelligent device activities
to security camera recordings are easily collectable. Efficient
and effective processing of this “big data” can significantly
improve the quality ofmany real life applications or products,
since this data can be used to accurately profile and then
target particular users [5–7]. In this sense, abundance of new
sources of information and previously unimaginable ways of
access to consumer data have the potential to substantially
change the classical machine learning approaches that are
tailored to extract information with rather limited access to
data using relatively complex algorithms [8–11].

Furthermore, unlike applications where the machine
learning algorithms are used as mere tools for processing
and inferring using the available data such as predicting the
best movie for a particular user [12], the new generation of
machine learning systems employed by enormously large and
powerful data companies and institutions have the potential
to change the underlying problem framework, that is, the user
itself, by design [8, 13]. Consider the Google search engine
platform and its effects on user preferences. The Google
search platform not only provides the most relevant search
results but also gathers information on users and provides
well-tuned and targeted content (from carefully selected
advertisements to specifically selected news) thatmay be used
to change user behavior, inclinations, or preferences [14].

Online users are exposed to persuasive technologies and
are continually immersed in digital content and interventions
in various forms such as advertisements, news feeds, and
recommendations [15]. User decisions and preferences are
affected by these interventions [16]. We define a feedback
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Figure 1: The Digital Feedback Loop.

framework in which these interventions can be selected in a
systematic way to steer users in a desired manner. In Figure 1,
we introduce “The Digital Feedback Loop” on which we base
our model.

To this end, in this paper, we are particularly interested
in the causal effects of machine learning algorithms on users
[17, 18]. Specifically, we introduce causal feedback loops to
accurately describe effects of machine learning algorithms
on users in order to design more functional and effective
machine learning systems [18, 19]. We model the latent
preferences and/or inclinations of a user, as an unknown state
in a real life causal system, and build novel algorithms to
estimate and, then, alter this underlying unobservable state
in an intentional and preferred manner. In particular, we
model the underlying evolution of this state using a state-
space model, where the latent state is only observed through
the behavior of the user such as his/her tweets and Facebook
status shares. The internal state is causally affected by the
outputs of the algorithm (or the actions of the company),
which can be derived from the past observations on the user
or outputs of the system.Thepurpose of themachine learning
algorithm can be, for example, (i) to drive the internal
system state towards a desired final state, for example, trying
to change the opinion of the population towards a newly
introduced product; (ii) to maximize some utility function
associated with the system, for example, enticing the users to
a new and more profitable product; or (iii) to minimize some
regret associated with the disclosed information, for exam-
ple, minimizing the effects of unknown system parameters.
Alternatively, themachine learning systemmay try to achieve
a combination of these objectives.

This problem framework readily models a wide range of
real life applications and scenarios [18, 19]. As an example, an
advertiser may aim to direct the preferences of his/her target
audience towards a desired product, by designing advertise-
ment using data collected by consumer behavior surveys [18].
This framework is substantially different from the classical
problem of targeted advertisement based on user profiling.
In the case of targeted advertising, the goal is to match the
best advertisement to the current user, based on the user’s

profile. Another part of the classical problem is to measure
the true impact of an ad (a “treatment” or an “intervention”
in the general case) and thus find its effectiveness to help the
ad selection for the next time or the next user as well as for
billing purposes. Here, we assume that the underlying state,
that is, the preferences of the consumers, are not only used
to recommend a particular product but also intentionally
altered by our algorithm. As in some of the earlier works
[12, 17, 20], we use a causal framework to do our modeling.
We then take it a step further tomathematically prove that the
impact of a treatment can be predesigned and the user can,
in theory, be swayed in accordance with the designer’s intent.
To the best of our knowledge, this is unique to our work. We
can further articulate the difference between our work and
some of the earlier works using an example in the context of
news recommendation. The classical approach tries to show
the user news articles he/she might be interested in reading,
based on their profile and possibly some other contextual
data. A separate process collects information on whether
the user clicked on a particular news item and what that
item’s context is. This collected data is then used to augment
the user’s profile so that the recommendation part of the
process makes a better decision the next time or for the next
user. The connection between separate decisions is mainly
the enhanced user profile. In reality, the recommended news
articles have impacted the user’s news preferences to some
degree. This is a classical counterfactual problem [8]. While
the user preferences themselves are latent and cannot be
directly measured, the impact manifests itself in a number of
ways that are observable. For instance, the user might tweet
about that news with a particular sentiment or buy a book
online which is related to the topic in the news item.What we
prove with our framework is that, using the observable data
and our model, one can produce a sequence of actions which
will influence and steer the user’s preferences in a pattern that
is intended by the recommender system.These actions can be
in the form of content served to the user such as news articles,
social media feeds, and search results.

In different applications the preferences can be the
state and the advertisements (content, the medium of the
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advertisement, the frequency, etc.) are the actions or output
of the machine learning algorithm. In a different context,
the opinions of the social network users on Facebook of
a particular event or a new product can be represented
as a state. Our model is comprehensive such that the
relevant information on the user such as his/her age, gender,
demographics, and residency is collectively represented by a
side information vector since the advertiser collects data on
the consumer such as the spending patterns, demographics,
age, gender, and polls.

A summary of our work in this paper is as follows, with
the last bullet being our key contribution:

(i) We model the effects of machine learning algorithms
such as recommendation engines on users through
a causal feedback loop. We introduce a complete
state-space formulation modeling: (1) evolution of
preferences vectors, (2) observations generated by
users, and (3) causal feedback effects of the actions
of algorithms on the system. All these parameters
are jointly optimized through an Extended Kalman
Filtering framework.

(ii) We introduce algorithms to estimate the unknown
system parameters with and without feedback. In
both cases, all the parameters are estimated jointly.
We emphasize that we provide a complete set of
equations covering all the possible scenarios.

(iii) To tune the preferences of users towards a desired
sequence, we also introduce a linear regression algo-
rithm and introduce an optimization framework
using stochastic gradient descent algorithm. Unlike
all the previous works that only use the observations
to predict certain desired quantities, as the first time
in the literature, we specifically design outputs to
“update” the internal state of the system in a desired
manner.

The rest of the paper is organized as follows. In the next
section, we present a comprehensive state-space model that
includes the evolution of the latent state vector, underlying
observationmodel and side information. In the same section,
we also introduce the causal feedback loop and possible
variations to model different real life applications. We then
introduce the Extended Kalman Filtering framework to
estimate the unknown system parameters. We investigate
different real life scenarios including the system with and
without the feedback. We present all update and estimation
equations. In the following section, we introduce an online
learning algorithm to tune the underlying state vector, that
is, preferences vector, towards a desired vector sequence
through a linear regression and causal feedback loop. We
then demonstrate the validity of our introduced algorithms
under different scenarios via simulations. We include our
simulation results to show that we are able to converge on
unknown parameters in designing a system which can steer
user preferences. The final section includes conclusions and
scope of future work.

2. A Mathematical Model for User Preferences
with Causal Feedback Effects

In this paper, all vectors are column vectors and denoted
by lower case letters. Matrices are represented by uppercase
letters. For a vector u,

‖u‖ = √u𝑇u (1)

is the 𝑙2-norm,whereu𝑇 is the ordinary transpose. For vectors
a ∈ R𝑚 and b ∈ R𝑛, a𝑇 is the transpose and [a; b] ∈ R𝑚+𝑛 is
the concatenated vector. Here, I represents an identitymatrix,
0 represents a vector or a matrix of all zeros, and 1 represents
a vector or a matrix of all ones, where the size is determined
from the context. The time index is given in the subscript;
that is, x𝑡 is the sample at time t. 𝛿𝑡 is the Kronecker delta
functions.

We represent preferences of a user as a state vector p𝑡,
where this state vector is latent; that is, its entries are unknown
by the system designer. The state vector can represent affinity
or opinions of the underlying social network user for different
products or for controversial issues like privacy. The actual
length and values of the preferences depend on the applica-
tion and context. As an example for the mood of a person in
a context of 6 feelings (happy, excited, angry, scared, tender,
and sad), the preference vector might be [0, 1, 0, 0, 0, 0]𝑇.

The relevant information on the user such as his/her age,
gender, demographics, and residency is collectively repre-
sented by a side information vector s𝑡. The side information
on users on the social networks can be collected based on
their profiles or their friendship networks. We assume that
the side information is known to the designer and, naturally,
change slowly so that s𝑡 = s is constant in time.

Themachine learning system collects data on the user, say
x𝑡, such as Facebook shares, comments, status updates, and
spending patterns, which is a function of his/her preferences
p𝑡 and the side information s, given by

x𝑡 = 𝐹𝑡 (p𝑡, s) , (2)

where the functional relationship 𝐹(⋅) will be clear in the
following. Since the information collection process may be
prone to errors or misinformation, for example, untruthful
answers in surveys, we extend (2) to include these effects as

x𝑡 = 𝐹𝑡 (p𝑡, s) + n𝑡, (3)

where n𝑡 is a noise process independent of p𝑡 and s. We
can use other approaches instead of an additive noise model;
however, the additive noise model is found to accurately
model unwanted observation noise effects [21].We use a time
varying linear state-spacemodel to facilitate the analysis such
that we have

x𝑡 = F𝑡p𝑡 + n𝑡, (4)

where F𝑡 is the observation matrix [22] corresponding to the
particular user and n𝑡 is i.i.d. with

𝐸 [n𝑡n𝑇𝑟 ] = 𝛿𝑡−𝑟R, (5)
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Figure 2: A state-space model to represent evaluation of the user
preferences without feedback effects.

where R is the autocorrelation matrix. The autocorrelation
matrix R is assumed to be known, since it can be readily
estimated from the data [22] in a straightforward manner.
We do not explicitly show the effect of s on F for notational
simplicity.

Based on prior preferences, different user effects and
trends, and the preferences of the user change, we represent
this change as

p𝑡+1 = 𝐺𝑡 (p𝑡, s) + n𝑡, (6)

with an appropriate 𝐺𝑡(⋅) function. To facilitate the analysis,
we also use a state-space model

p𝑡+1 = G𝑡p𝑡 + k𝑡, (7)

where G𝑡 is the state update matrix, which is usually close to
an identitymatrix since the preferences of user cannot rapidly
change [19, 20]. Here, k𝑡 models the random fluctuations or
independent changes in the preferences of users, where it is
i.i.d. with

𝐸 [k𝑡k𝑇𝑟 ] = 𝛿𝑡−𝑟Q (8)

and Q is the autocorrelation matrix. The autocorrelation
matrix Q is assumed to be known, since it can be readily
estimated from the data [22] in a straightforwardmanner.The
model without the feedback effects is shown in Figure 2.

Remark 1. To include local trends and seasonality effects, one
can use k𝑡 = B𝑡u𝑡, where B𝑡 may not be full rank when local
trends exist (local trends can cause some data points to be
derived from others). Also, u𝑡 is an i.i.d. noise process. Our
derivations in the next sections can be generalized to this case
by considering an extended parameter set.

In the following, we model the effect of the actions of
the machine learning algorithm in the “observation” (4) and
“evolution” (7) equations.

2.1. Causal Inference through theActions of theMachine Learn-
ing System. Based on the collected data x𝑡, the algorithm
takes an action represented by 𝑎𝑡. The action of the machine
learning system or the platform can be either discrete or
continuous valued depending on the application [21]. As an
example, if the action represents a campaign advertisement to
be sent to a particular Facebook user, then the set of campaign
ads is finite. On the other hand, the action of the machine
learning system can be continuous such as providing money

t pt+1 pt
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Gt

ct wTxt
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Figure 3: A complete state-space model of the system with action
generation and feedback effects.

incentives to particular users to perform certain tasks such as
filling questionnaires. We model the action as a function of
the observations as

𝑎𝑡 = 𝑊𝑇𝑡 (x𝑡) , (9)

where𝑊(⋅) may correspond to different regression methods
[21]. To facilitate the analysis, wemodel the action generation
using a linear regression model as

𝑎𝑡 = 𝑊𝑇𝑡 x𝑡. (10)

If we have a finite set of actions, that is, 𝑎𝑡 ∈ {1, . . . , 𝐾}, we
replace (10) by

𝑎𝑡 = 𝑄 (w𝑇𝑡 x𝑡) , (11)

which is similar to saturation or sigmoid models [23], where𝑄(⋅) is an appropriate quantizer. The linear model in (11) can
be replaced by more complex models since x𝑡 can contain
discrete entries such as gender and age. However, we can
closely approximate any such complex relations by piecewise
linear models [24]. The piecewise linear extension of (11) is
straightforward [24].

Based on the actions of the machine learning algorithm
(and prior preferences), we assume that the preferences of
the user changes in a linear state-space form with an additive
model for the causal effect [18–20], which yields the following
state model:

p𝑡+1 = G𝑡p𝑡 + k𝑡 + c𝑡𝑎𝑡, (12)

where c𝑡 is the unknown causal effect. The complete linear
state-space model is illustrated in Figure 3. Although there
exists other models for the feedback, apart from the linear
feedback, the linear feedback was found to accurately model
a wide range of real life scenarios provided that causal effects
are moderate [19], which is typically the case for social
networks; that is, advertisements usually do not have drastic
effects on user preferences [19, 20]. Our linear feedback
model can be extended to piecewise linearmodels to approxi-
mate smoothly varying nonlinearmodels in a straightforward
manner.

Remark 2. We can also use a jump state model to represent
the causal effects for the case where 𝑎𝑡 is coming from a finite
set. In this case, as an example, the causal effects will change
the state behavior of the overall system through a jump state
model as

p𝑡+1 = G𝑡,𝑄(w𝑇x𝑡)p𝑡 + k𝑡. (13)
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Our estimation derivations in the following sections can
also be extended to cover this case using a jump state model
[22].

Remark 3. For certain causal inference problems, the actions
sequence 𝑎𝑡 may be required to be predictive of some
reference sequence 𝑑𝑡, in a traffic prediction context, to sway
driver preferences p𝑡 in a certain direction by disclosing
estimates 𝑎𝑡 for a certain road 𝑑𝑡, using some publicly
available data x𝑡. To account for these types of scenarios, we
complement the model in (12) by introducing

𝑑𝑡 = 𝐻𝑡 (p𝑡) + 𝜎𝑡, (14)

where 𝜎𝑡 is i.i.d. In this case, the feedback loop will be
designed in order to tune 𝑑𝑡 to a particular value.

In the following, we introduce algorithms that optimize
w𝑡 so that the overall system behaves in a desired manner
given the corresponding mathematical system. However,
we emphasize the overall system parameters including the
feedback loop parameters are not known and should be
estimated only from the available observations x𝑡. Hence, we
carry out both the estimation and design procedures together
for a complete system design.

3. Design of the Overall System with
Causal Inference

We consider the problem of designing a sequence of actions{𝑎𝑡}𝑡≥1 in order to influence users based on our observations{x𝑡}𝑡≥1, where behavior of the user is governed by his/her
hidden preference sequence {p𝑡}𝑡≥1. The machine learning
system is required to choose the sequence {w𝑡}𝑡≥1 in order
to accomplish its specific goal. The specific goal naturally
depends on the application. As an example, in social net-
works, the goal can be to change the opinions of users about a
new product by sending themost appropriate content such as
news articles and/or targeted tweets. In itsmore general form,
we can represent this goal as a utility function and optimize
the cumulative gain:

max
w𝑡≥1

∞∑
𝑡=1

𝐸 [𝑈𝑡] , (15)

where 𝑈𝑡 = 𝑈𝑡(p𝑡) is an appropriate utility function for
a specific application. To facilitate the analysis, we choose
the utility function as the negative of the squared Euclidean
distance between the actual consumer preferencep𝑡 and some
desired state q𝑡. We emphasize that, as shown later in the
paper, our optimization framework can be used to optimize
any utility function provided that it has continuous first-order
derivatives due to the stochastic gradient update. In this case
(15) can be written as

minw𝑡≥1

∞∑
𝑡=1

𝐸 [p𝑡 − q𝑡
2] . (16)

The overall system parameters, {F,G, c}, are not known
and should be estimated fromour observations.We introduce

an Extended Kalman Filtering (EKF) approach to estimate
the unknown parameters of the system. We separately con-
sider the estimation framework without the feedback loop,
that is, w = 0, and with the feedback loop, that is, w ̸=
0. Clearly the estimation task for {F,G} can be carried out
before we produce our suggestions w. In this case, we can
estimate these parameters with a better accuracy without the
feedback effects sinceweneed to estimate a smaller number of
parameters under less complicated noise processes. However,
for certain scenarios where this feedback loop is already
active, we also introduce a joint estimation framework for
all parameters. A system with feedback is more general,
realistic, and comprehensive. And feedback is needed in
order to tune or influence the preferences of a user in a
desired manner. However, a system with feedback is more
complex to design and analyze. Therefore, we first provide
the analysis for a system without feedback and build on it
for an analysis of a system with feedback. After we get the
estimated system parameters, we introduce online learning
algorithms in order to tune the corresponding system to a
particular target internal state sequence, which can be time
varying, nonstationary, or even chaotic [23, 25].

3.1. Estimating the Unknown Parameters of the System without
Feedback. Without the feedback loop, the system is described
by

p𝑡+1 = G𝑡p𝑡 + k𝑡, (17)

x𝑡 = F𝑡p𝑡 + n𝑡, (18)

where k𝑡 and n𝑡 are assumed to be Gaussian with correlation
matricesQ and R, respectively. We then define

𝜃𝑡 ≜ [G𝑡 (:) ; F𝑡 (:)] , (19)

where G𝑡(:) is the vectorized G𝑡; that is, the columns of G𝑡
are stacked one after another to get a full column vector. To
jointly estimate p𝑡 and 𝜃𝑡, we formulate an EKF framework
by considering

𝜃𝑡+1 = 𝜃𝑡 + 𝜀𝑡, (20)

where 𝜀𝑡 is the noise in estimating 𝜃𝑡 through the EKF. Then,
using (17) and (20) and considering p𝑡 and 𝜃𝑡 as the joint state
vector, we get

x𝑡 = 𝑓1 (𝜃𝑡, p𝑡) + n𝑡,
(p𝑡+1
𝜃𝑡+1

) = (𝑓2 (𝜃𝑡, p𝑡)
𝜃𝑡

) + (k𝑡
𝜀𝑡
) , (21)

where

𝑓1 (𝜃𝑡, p𝑡) ≜ F𝑡p𝑡,
𝑓2 (𝜃𝑡, p𝑡) ≜ G𝑡p𝑡

(22)
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are the corresponding nonlinear equations so that we require
the EKF framework. The corresponding EKF equations to
estimate the augmented states are recursively given as

(p𝑡|𝑡
𝜃𝑡|𝑡
) = (p𝑡|𝑡−1
𝜃𝑡|𝑡−1

) + L𝑡 (x𝑡 − 𝑓1 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1)) ,
p𝑡+1|𝑡 = 𝑓2 (𝜃𝑡|𝑡, p𝑡|𝑡) ,
𝜃𝑡+1|𝑡 = 𝜃𝑡|𝑡,

L𝑡 = P𝑡|𝑡−1H𝑡 (H𝑇𝑡 P𝑡|𝑡−1H𝑡 + R)−1 ,
P𝑡|𝑡 = P𝑡|𝑡−1 − L𝑡H

𝑇
𝑡 P𝑡|𝑡−1,

P𝑡+1|𝑡 = D𝑡P𝑡|𝑡D
𝑇
𝑡 +Q,

(23)

where

p𝑡|𝑡 ≜ 𝐸 [p𝑡 | x𝑡, x𝑡−1, . . .] ,
p𝑡|𝑡−1 ≜ 𝐸 [p𝑡 | x𝑡−1, x𝑡−2, . . .] ,
𝜃𝑡|𝑡 ≜ 𝐸 [𝜃𝑡 | x𝑡, x𝑡−1, . . .] ,
𝜃𝑡|𝑡−1 ≜ 𝐸 [𝜃𝑡 | x𝑡−1, x𝑡−2, . . .]

(24)

are EKF terms that approximate the optimal “linear” MSE
estimated values in the linearized case and H𝑡 and D𝑡 are
the gradients for the first-order Taylor expansion needed to
linearize the nonlinear state equations in (21)

H𝑡 = ((∇p𝑡𝑓1 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1))
𝑇

(∇𝜃𝑡𝑓1 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1))𝑇) , (25)

D𝑡 = (∇p𝑡𝑓2 (𝜃𝑡|𝑡, p𝑡|𝑡) ∇𝜃𝑡𝑓2 (𝜃𝑡|𝑡, p𝑡|𝑡)0 I
) , (26)

respectively. Here, L𝑡 is the gain of the EKF and P𝑡 is the
error variance of the augmented state. The complete set of
equations in (23) defines the EKF update on the parameter
vectors. We next consider the case when there is feedback.

3.2. Estimating the Unknown Parameters of the System with
Feedback. For estimating the parameters of the feedback
loop, that is, c𝑡 (please see Figure 3), we have two different
scenarios. In the first case, where we can control w, we set
w = 0, estimate {F,G}, and then subsequently estimate c
for fixed w. For scenarios where the feedback loop is already
present (or we cannot control it), that is, w ̸= 0, we need to
estimate all the system parameters under the feedback loop.
Naturally, in this case the estimation process is more prone
to errors due to compounding effects of the feedback loop on
the noise processes. We consider both cases separately.

Using (10) in (12), we get

p𝑡+1 = G𝑡p𝑡 + k𝑡 + c𝑡w
𝑇
𝑡 x𝑡

= G𝑡p𝑡 + k𝑡 + c𝑡w
𝑇
𝑡 F𝑡p𝑡 + c𝑡w

𝑇
𝑡 n𝑡. (27)

Hence, the complete state-space description with causal
loop is given by

p𝑡+1 = (G𝑡 + c𝑡w
𝑇
𝑡 F𝑡) p𝑡 + k𝑡 + c𝑡w

𝑇
𝑡 n𝑡, (28)

x𝑡 = F𝑡p𝑡 + n𝑡. (29)

In (29), w𝑡 is known; however, all the parameters includ-
ing c are unknown. We have two cases.

Case 1. Since we can control w, we set w = 0 and estimate 𝜃
as F̃𝑡 and G̃𝑡 as in the case without feedback. Then, use these
estimated parameters in (29) yielding

p𝑡+1 = (G̃𝑡 + c𝑡w
𝑇
𝑡 F̃𝑡) p𝑡 + k𝑡 + c𝑡w

𝑇
𝑡 n𝑡,

x𝑡 = F̃𝑡p𝑡 + n𝑡. (30)

To estimate c𝑡, we introduce an EKF framework by consider-
ing c𝑡 as another state vector:

c𝑡+1 = c𝑡 + 𝜌𝑡, (31)

where 𝜌𝑡 is the noise in the estimation process, yielding

x𝑡 = F̃𝑡p𝑡 + n𝑡,
(p𝑡+1
c𝑡+1

) = (𝑓3 (c𝑡, p𝑡)
c𝑡

) + (k𝑡
𝜌𝑡
) + (c𝑡w𝑇𝑡

0
)n𝑡, (32)

where

𝑓3 (c𝑡, p𝑡) ≜ (G̃𝑡 + c𝑡w
𝑇F̃𝑡) p𝑡 (33)

is the corresponding nonlinearity in the system.
In the state update equation (32), unlike the previous EKF

formulation, the process noise depends on c𝑡 as c𝑡w𝑇𝑡 n𝑡, which
is unknown and part of the estimated state vector. Hence, the
EKF formulation is more involved.

After several steps, we derive the EKF equations to
estimate the augmented states for this case as

(p𝑡|𝑡
c𝑡|𝑡
) = (p𝑡|𝑡−1

c𝑡|𝑡−1
) + L𝑡 (x𝑡 − F̃𝑡p𝑡|𝑡−1) ,

p𝑡+1|𝑡 = 𝑓3 (c𝑡|𝑡, p𝑡|𝑡) + S𝑡Ω
−1
𝑡 (x𝑡 − F̃𝑡p𝑡|𝑡−1) ,

c𝑡+1|𝑡 = c𝑡|𝑡,
L𝑡 = P𝑡|𝑡−1H𝑡Ω

−1
𝑡 ,

S𝑡 = c𝑡|𝑡−1w
𝑇
𝑡 R,

P𝑡|𝑡 = H𝑇𝑡 P𝑡|𝑡−1H𝑡 + R,
P𝑡|𝑡 = P𝑡|𝑡−1 − L𝑡H

𝑇
𝑡 P𝑡|𝑡−1,

P𝑡+1|𝑡 = D𝑡P𝑡|𝑡−1D
𝑇
𝑡 − B𝑡Ω

−1
𝑡 B
𝑇
𝑡 + Q̂𝑡,

B𝑡 = D𝑡P𝑡|𝑡−1H𝑡 + (S𝑡0) ,

(34)
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where

p𝑡|𝑡 ≜ 𝐸 [p𝑡 | x𝑡, x𝑡−1, . . .] ,
p𝑡|𝑡−1 ≜ 𝐸 [p𝑡 | x𝑡−1, x𝑡−2, . . .] ,
c𝑡|𝑡 ≜ 𝐸 [c𝑡 | x𝑡, x𝑡−1, . . .] ,

c𝑡|𝑡−1 ≜ 𝐸 [c𝑡 | x𝑡−1, x𝑡−2, . . .]
(35)

are EKF terms that approximate the optimal “linear” MSE
estimated values in the linearized case and H𝑡 and D𝑡 are
the gradients for the first-order Taylor expansion needed to
linearize the nonlinear state equations in (32):

H𝑡 = ((∇p𝑡 (F̃𝑡p𝑡))
𝑇

(∇c𝑡 (F̃𝑡p𝑡))𝑇) = (F̃𝑇
0
) ,

D𝑡 = (∇p𝑡𝑓3 (c𝑡|𝑡, p𝑡|𝑡) ∇c𝑡𝑓3 (c𝑡|𝑡, p𝑡|𝑡)0 I
) ,

(36)

respectively. Here, L𝑡 is the gain of the EKF and P𝑡 is the error
variance of the augmented state.

To obtain an expression for Q̂𝑡 in terms of w𝑡, we define
the composite error vector b𝑡 for the state update equation so
that

Q̂𝑡 = 𝐸 [b𝑡b𝑇𝑡 | x𝑡−1, x𝑡−2, . . .] (37)

with

b𝑡 ≜ (k𝑡
𝜌𝑡
) + (c𝑡w𝑇𝑡

0
)n𝑡. (38)

After straightforward algebra, we get

Q̂𝑡 = (Q + w𝑇𝑡 Rw𝑡Γ𝑡 0
0 U

) , (39)

where

U = 𝐸 [𝜌𝑡𝜌𝑇𝑡 ] ,
Γ𝑡 ≜ (0 I) p𝑡|𝑡−1 (0I) + c𝑡|𝑡−1c

𝑇
𝑡|𝑡−1. (40)

These updates provide the complete EKF formulation
with feedback. In the sequel, we introduce the complete
estimation framework where we estimate all the parameters
jointly.

Case 2. We can define a superset of parameters

𝜃𝑡 ≜ [G𝑡 (:) ; F𝑡 (:) ; c𝑡] (41)

and formulate an EKF framework for this augmented param-
eter vector with

𝜃𝑡+1 = 𝜃𝑡 + 𝜀𝑡, (42)

which yields

x𝑡 = 𝑓4 (𝜃𝑡, p𝑡) + n𝑡,
(p𝑡+1
𝜃𝑡+1

) = (𝑓5 (𝜃𝑡, p𝑡)
𝜃𝑡

) + (k𝑡
𝜀𝑡
) + (c𝑡w𝑇𝑡

0
)n𝑡, (43)

where

𝑓4 (𝜃𝑡, p𝑡) ≜ F𝑡p𝑡,
𝑓5 (𝜃𝑡, p𝑡) ≜ (G𝑡 − c𝑡w

𝑇F𝑡) (44)

are the corresponding nonlinear equations so that we require
EKF.

After some algebra, we get the complete EKF equations as

(p𝑡|𝑡
𝜃𝑡|𝑡
) = (p𝑡|𝑡−1
𝜃𝑡|𝑡−1

) + L𝑡 (x𝑡 − 𝑓4 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1)) ,
p𝑡+1|𝑡 = 𝑓5 (𝜃𝑡|𝑡, p𝑡|𝑡)

+ S𝑡Ω
−1
𝑡 (x𝑡 − 𝑓4 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1)) ,

𝜃𝑡+1|𝑡 = 𝜃𝑡|𝑡,
L𝑡 = P𝑡|𝑡−1H𝑡Ω

−1
𝑡 ,

S𝑡 = (0 0 I) 𝜃𝑡|𝑡−1w𝑇𝑡 R,
Ω𝑡 = H𝑇𝑡 P𝑡|𝑡−1H𝑡 + R,
P𝑡|𝑡 = P𝑡|𝑡−1 − L𝑡H

𝑇
𝑡 P𝑡|𝑡−1,

P𝑡+1|𝑡 = D𝑡P𝑡|𝑡−1D
𝑇
𝑡 − B𝑡Ω

−1
𝑡 B
𝑇
𝑡 + Q̂𝑡,

B𝑡 = D𝑡P𝑡|𝑡−1H𝑡 + (S𝑡0) ,

(45)

where

H𝑡 = ((∇p𝑡𝑓4 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1))
𝑇

(∇𝜃𝑡𝑓4 (𝜃𝑡|𝑡−1, p𝑡|𝑡−1))𝑇) ,
D𝑡 = (∇p𝑡𝑓5 (𝜃𝑡|𝑡, p𝑡|𝑡) ∇𝜃𝑡𝑓5 (𝜃𝑡|𝑡, p𝑡|𝑡)0 I

) .
(46)

To obtain an expression for Q̂𝑡 in terms of w𝑡, we define
the composite error vector b𝑡 for the state update equation so
that

Q̂𝑡 = 𝐸 [b𝑡b𝑇𝑡 | x𝑡−1, x𝑡−2, . . .] (47)

with

b𝑡 ≜ (k𝑡
𝜀𝑡
) + (c𝑡w𝑇𝑡

0
)n𝑡. (48)
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After straightforward algebra, we get

Q̂𝑡 = (Q + w𝑇𝑡 Rw𝑡Γ𝑡 0
0 U𝑡

) , (49)

where

Q = 𝐸 [^𝑡^𝑇𝑡 ] ,
U = 𝐸 [𝜀𝑡𝜀𝑇𝑡 ] ,
R = 𝐸 [n𝑡n𝑇𝑡 ] ,
Γ𝑡 ≜ (0 I) p𝑡|𝑡−1 (0I)

+ (0 I) 𝜃𝑡|𝑡−1 (0 0
0 I

) 𝜃𝑇𝑡|𝑡−1 (0I) .

(50)

Given that the system parameters are estimated through the
EKF formulation, we next introduce learning algorithms on
w𝑡 in order to change the behavior of the users in a desired
manner.

4. Designing a Causal Inference System to
Tune User Preferences

After the parameters are estimated through methods
described in the previous sections, the complete system
framework is given by

x𝑡 = F𝑡p𝑡 + n𝑡,
p𝑡+1 = (G𝑡 + c𝑡w

𝑇
𝑡 F𝑡) p𝑡 + k𝑡 + c𝑡w

𝑇
𝑡 n𝑡, (51)

with the estimated

{F𝑡 = F̃𝑡,G𝑡 = G̃𝑡, c̃𝑡 = c𝑡} . (52)

Our goal in this section is to design w𝑡 such that the
sequence of preferences p𝑡 are tuned towards a desired
sequence of preferences q𝑡; for example, one can desire to
sway the preferences of a user to a certain product.

In order to tune the user preferences, we designw𝑡 so that
the difference between the preferences p𝑡 and the desired q𝑡 is
minimized. We define this difference as the loss between the
preferences and desired vectors as

𝑡∑
𝑘=1

𝑙 (p𝑘, q𝑘) , (53)

where 𝑙(⋅) is any differentiable loss function. As an example,
for the square error loss, this yields

𝑡∑
𝑘=1

p𝑘 − q𝑘
2 . (54)

Tominimize the difference between these two sequences,
we introduce a stochastic gradient approach where w𝑡 is

learned in a sequential manner. In the stochastic gradient
approach, we have

w𝑡+1 = w𝑡 − 𝜇∇w𝑙 (p𝑘, q𝑘) , (55)

where 𝜇 > 0 is an appropriate learning rate coefficient. The
learning rate coefficient is usually selected as time varying
with two conditions:𝜇𝑡 → 0 as 𝑡 → ∞,

𝑡∑
𝑘=1

𝜇𝑘 → ∞ as 𝑡 → ∞; (56)

for example, 𝜇𝑡 = 1/𝑡.
If these two conditions are met, then the estimated

parameters w𝑡 through the gradient approach will converge
to the optimal w (provided that such an optimal point exists)
[21]. To facilitate the analysis, we set

𝑙 (p𝑘, q𝑘) = p𝑘 − q𝑘
2 (57)

and get

w𝑡+1 = w𝑡 − 𝜇∇w𝑡 p𝑘 − q𝑘
2

= w𝑡 − 2𝜇 (∇w𝑡p𝑡) (p𝑡 − q𝑡) . (58)

In (58), since p𝑡 is unknown, we use p𝑡|𝑡−1 from the causal
loop case, that is, with feedback, and get

w𝑡+1 = w𝑡 − 2𝜇 (∇w𝑡p𝑡|𝑡−1) (p𝑡|𝑡−1 − q𝑡) . (59)

To get

∇w𝑡p𝑡|𝑡−1, (60)

we use the EKF recursion as

p𝑡|𝑡−1 = (G𝑡 + c𝑡w
𝑇
𝑡 F𝑡)

⋅ (p𝑡−1|𝑡−2 + L𝑡−1 [x𝑡−1 −H𝑡−1p𝑡−1|𝑡−2]) ,
p𝑡|𝑡−1 = K𝑡p𝑡|𝑡−1 +M𝑡,

(61)

where

K𝑡 = (G𝑡 + c𝑡w
𝑇
𝑡 F𝑡) (I − L𝑡−1H𝑡−1) ,

M𝑡 = (G𝑡 + c𝑡w
𝑇
𝑡 F𝑡) L𝑡𝑥𝑡−1. (62)

Using (61), we get a recursive update on the gradient as

∇w𝑡p𝑡|𝑡−1 = ∇w𝑡K𝑡p𝑡|𝑡−1 + K𝑡∇w𝑡p𝑡|𝑡−1∇w𝑡M𝑡, (63)

From (59), (61), and (63), we get the complete recursive
update as

w𝑡+1 = w𝑡 − 2𝜇 (∇w𝑡p𝑡|𝑡−1) (p𝑡|𝑡−1 − q𝑡)
p𝑡|𝑡−1 = K𝑡p𝑡|𝑡−1 +M𝑡∇w𝑡p𝑡|𝑡−1 = ∇w𝑡K𝑡p𝑡|𝑡−1 + K𝑡∇w𝑡p𝑡|𝑡−1∇w𝑡M𝑡

. (64)

This completes the derivation of the stochastic gradient
update for online learning of the tuning regression vector.
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5. Experiments

In this section, we share our simulation results to show
that estimated parameters of the system converge to the
real values, proving that a system can be designed with
the right parameters which allows a sequence of actions or
interventions to tune the preferences of a user in a desired
manner. Since our goal is mainly to establish a pathway
to the possibility of designing a system that can steer user
preferences in a desired manner, we consider our basic
simulation set to be sufficient based on the mathematical
proof we provided in the form of EKF formulations. The
true parameters of the system are known to us since we
are running our experiments in the form of simulations.
Specifically, the preferences of the user, which are not directly
observable in real life, are known in case of simulations.
We run simulations for the EKF formulations we derived
in the previous sections to show that our estimation of
the preferences converges to the real preference values. We
illustrate the convergence of our algorithms under different
scenarios.

In the first scenario, we have the case where the corre-
sponding system has no feedback. As the true system, we
choose a second-order linear state-space model, where G =0.95I and F = I with Q = 3 × 10−3I and R = 3 × 10−3I. For
the EKF formulation, we choose two different variances for𝜀𝑡, for example, 10−3 and 10−4, to demonstrate the effect of this
design parameter on the system. We emphasize that neither
F or G are known; hence, as long as the system is observable,
particular choices of F and G only change the convergence
speed and the final MSE. However, we choose F to make the
system stable.

In Figure 4, we plot the square error difference between
the estimated preferences and the real preferences

tr𝐸 [p𝑡 − p𝑡|𝑡−1
2] (65)

with respect to the number of iterations, where we produce
the MSE curves after averaging over 100 independent trials.
We also plot the cumulative MSE normalized with respect to
time, that is,

∑𝑡𝑘=1 tr𝐸 [p𝑡 − p𝑡|𝑡−1
2]𝑡 , (66)

to show that as the iteration count increases, the averaged
MSE steadily converges. The plot includes both the aver-
age MSE and the cumulative MSE normalized in time for
estimation of F and G. We observe that the estimation of
F and G is more prone to errors due to the multiplicative
uncertainty, single observation, and state update equations.
However, both the estimated preferences vectors as well as the
system parameters converge.

In the second set of experiments, we have feedback
present; that is, w ̸= 0. For this case, we now have similar
parameters as in the first set of experiments, except G = 0.9I
to give more decay due to presence of feedback. For this case,
we choose two different scenarios, wherew𝑡 and c𝑡 are fixed or
randomly chosen provided that the overall system stays stable
after the feedback; that is, (G+c w𝑇 F) corresponds to a stable

Average MSE for unknown preferences

Cumulative and time normalized MSE for unknown preferences
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Figure 4: Estimation of the underlying preferences vector when
there is no feedback. The results are averaged over 100 independent
trials. Here, we have no feedback and parameters of both the state
equation and the observation equation are unknown.The results are
shown for two different noise variances for the EKF formulation.
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Figure 5: Estimation of the underlying vector of preferences and
the feedback parameters when there is feedback. The results are
averaged over 100 independent trials. Two different configurations
are simulated for the feedback as well as for the linear control
parameters, for example, the fixed and random initial cases. For both
scenarios, our estimation process converges to the true underlying
processes.

system. Note that this can be always forced by choosing an
appropriatew. However, we choose randomly initializedw to
avoid any bias in our experiments. Here, althoughw is known
to us, the feedback amount c and the hidden preferences
are unknown. In Figure 5, we plot the MSE between the



10 Journal of Electrical and Computer Engineering

estimated preference vectors and the true ones. We observe
from these simulations that although the feedback produces
a multiplicative uncertainty in the state equation and greatly
enhances the nonlinearity in the update equation, we are able
to recover the true values through the EKF formulation. We
observe that although due to feedback we have more colored
noise in the state equation, we recover true values due to the
whitening effects of the EKF. The MSE errors between the
estimated feedback and the true one are plotted, where the
MSE curves are produced after 100 independent realizations.

6. Conclusions

In this paper, we model the effects of the machine learn-
ing algorithms such as recommendation engines on users
through a causal feedback loop. To this end, we introduce
a complete state-space formulation modeling: (1) evolution
of preference vectors, (2) observations generated by users,
and (3) the causal feedback effects of the actions of machine
learning algorithms on the system. All these parameters
are jointly optimized through an Extended Kalman Filter-
ing framework. We introduce algorithms to estimate the
unknown system parameters with and without feedback.
In both cases, all the parameters are estimated jointly. We
emphasize that we provide a complete set of equations
covering all the possible scenarios. To tune the preferences
of users towards a desired sequence, we also introduce a
linear feedback and introduce an optimization framework
using stochastic gradient descent algorithm. Unlike previous
works that only use the observations to predict certain desired
quantities, we specifically design outputs to “update” the
internal state of the system in a desiredmanner.Through a set
of experiments, we demonstrate the convergence behavior of
our proposed algorithms in different scenarios.

We consider our work as a significant theoretical first step
in designing a system with the right parameters which allows
a sequence of actions or interventions to tune the preferences
of a user in a desired manner. We emphasize that the main
goal of our study is to establish a pathway to designing such a
system.We achieve this by first providingmathematical proof
and then through a basic set of simulations.

A next step in future studies can be to make the system
more stable and also to make the design process easy and
practical for system designers. Further analysis on the con-
vergence of the system and more simulations, experiments,
and numerical analyses are needed to take our results to the
next level. A direct comparison to previous studies is not
possible for this first step of our study since, to the best of
our knowledge, this is the first time a task of this nature is
being undertaken. Our main success criterion is the fact that
estimated parameters converge to the real parameter values.
However, as our framework evolves, we will be able to track
its relative performance.

Another area of focus for future studies is the optimal
selection of action sequences. This can be particularly chal-
lenging since user preferences can change over time due to
the abundance of new products and services. Algorithms
to optimally select actions may require online learning and
decision making in real time to accommodate these changes.
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Outdoor air pollution costs millions of premature deaths annually, mostly due to anthropogenic fine particulate matter (or
PM
2.5
). Quito, the capital city of Ecuador, is no exception in exceeding the healthy levels of pollution. In addition to the impact

of urbanization, motorization, and rapid population growth, particulate pollution is modulated by meteorological factors and
geophysical characteristics, which complicate the implementation of themost advancedmodels of weather forecast.Thus, this paper
proposes amachine learning approach based on six years ofmeteorological and pollution data analyses to predict the concentrations
of PM

2.5
from wind (speed and direction) and precipitation levels. The results of the classification model show a high reliability in

the classification of low (<10𝜇g/m3) versus high (>25𝜇g/m3) and low (<10 𝜇g/m3) versus moderate (10–25𝜇g/m3) concentrations
of PM

2.5
. A regression analysis suggests a better prediction of PM

2.5
when the climatic conditions are getting more extreme (strong

winds or high levels of precipitation). The high correlation between estimated and real data for a time series analysis during the
wet season confirms this finding. The study demonstrates that the use of statistical models based on machine learning is relevant
to predict PM

2.5
concentrations from meteorological data.

1. Introduction

The effects of rapid growth of the world’s population are
reflected in the overuse and scarcity of natural resources,
deforestation, climate change, and especially environmental
pollution. Currently, more than half of the global population
lives in urban areas, and this number is expected to grow to
about 66% by 2050, mostly due to the urbanization trends
in developing countries [1]. According to the latest urban air
quality database, 98% of cities in low and middle income
countries withmore than 100,000 inhabitants do notmeet the
WorldHealthOrganization (WHO) air quality guidelines [2].

A recent study using a global atmospheric chemistry
model estimated that 3.3 million annual premature deaths
worldwide are linked to outdoor air pollution, which is ex-
pected to double by 2050, mostly due to anthropogenic fine
particulate matter (aerodynamic diameter < 2.5 𝜇m; PM

2.5
)

[3]. Over the last decade, evidence has been growing that

exposure to fine particulate air pollution has adverse effects
on cardiopulmonary health [4].

A recent air quality study in Quito, the capital of Ecuador,
concurs that long-term levels of fine particulate pollution are
not only exceeding the WHO’s recommended levels of
10 𝜇g/m3 but also are higher than the national standards of
15 𝜇g/m3 [5]. And even though the overall levels of fine par-
ticulate pollution have been decreasing due to active efforts
of the local and national governments in the last decade,
in some locations of the city the air quality has continued to
deteriorate. The latter reflects the global trends of urbaniza-
tion and motorization.

In addition to the impact of urbanization and rapid
population growth, the pollution levels in the cities are mod-
ulated by meteorological factors [6]. Most importantly, the
depth of mixing layer (the lower layer of troposphere mixing
surface emissions) often depends on solar radiation and thus
temperature in the area. The shallower the mixing depth is,
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the less diluted the daily emissions get. Therefore, tempera-
ture shows a reducing impact on fine particulatematter levels,
through convection [7]. In addition, the formation and evolu-
tion of photochemical smog are dependent on solar radiation
and temperature; meanwhile, wind speed tends to help
ventilate air pollutants and/or transport them to other areas,
even if the emission sources are not present in that region
[8, 9].This can result in increased levels of air pollution down-
wind from the original source, which directly depends on
the wind direction [8]. Increased relative humidity has been
shown to make even fine particles heavier, helping the dry
deposition process of removal, while precipitation has a direct
effect of scavenging by wet deposition [7, 8]. In addition,
some studies differentiate between the seasons, as different
parameters have different effects during the year, due to the
combination of conditions [8, 9]. Thus, it is clearly impos-
sible to rely on a single parameter to fully understand the
urban pollution, especially if the study area is in a nonho-
mogeneous and complex terrain. This fact justifies the elab-
oration of models that take into account heterogeneous data
to predict air quality.

Currently, three major approaches are used to forecast
PM
2.5

concentrations: statistical models, chemical transport,
and machine learning. Statistical models, which are mainly
based on single variable linear regression, have shown a nega-
tive correlation between different meteorological parameters
(wind, precipitation, and temperature) and PM concentra-
tions (PM

10
, PM
2.5
, and PM

1.0
) [7]. Chemical transport and

Atmospheric Dispersion Modeling are numerical methods,
and the most advanced ones are WRF-Chem and CMAQ.
These models can be used to predict atmospheric pollution,
but their accuracy relies on an updated source list that is very
difficult to produce [10]. In addition, complex geophysical
characteristics of locations with complex terrain complicate
the implementation of these models of weather and pollution
forecast mostly due to the complexity of the air flows (wind
speed and direction) around the topographic features [11,
12]. Unlike a pure statistical method, a machine learning
approach can consider several parameters in a single model.
The most popular classifiers to forecast pollution from mete-
orological data are artificial Neural Networks [13–15]. Other
successful studies use hybrid or mixed models that combine
several artificial intelligence algorithms, such as fuzzy logic
and Neural Network [16], or Principal Component Analysis
and Support Vector Machine [17], or numerical methods and
machine learning [10].

Recent studies show that the machine learning approach
seems to overcome the other two methods for forecasting
pollution [9, 10].This is the reason why it is increasingly used
to predict air quality [13, 17–21]. However, the data mining
does not only differ from one study to another, in terms of
classification algorithms, but also regarding the used features.
Some of them consider a quite exhaustive list of meteoro-
logical factors [15, 16], whereas others proceed with a careful
selection [13, 14, 17, 22] or do not even use climatic parameters
at all [18]. Sincemachine learning is a very promisingmethod
to forecast pollution, we propose applying this approach
to predict PM

2.5
concentration in Quito. This prediction is

based on a selection of meteorological features for two main

reasons: first because amodel using onlymeteorological data,
which can be easily obtained in any urban area, is cheaper
than an air quality monitoring system and second because a
general model that may work for any city is not realistic [10],
which implies that a selection of meteorological parameters
must be performed in order to find the bestmodel for the cap-
ital city of Ecuador. Quito is located in the Andes cordillera in
the tropical climate zone, characterized by two seasons with
different accumulation of precipitation.However, the temper-
ature, the pressure, and even the amount of solar radiation do
not vary much during the year. Moreover, the wind direction
and speed highly depend on the topographic features of com-
plex terrain in which a city is positioned and usually present
one of the biggest challenges in forecasting weather and
air quality. Therefore, this research aims to study the con-
nectivity between three selected meteorological factors, wind
speed, wind direction, and precipitation, and PM

2.5
pollution

in two districts located in northwestern Quito.
In this work, we first present a spatial visualization of

the distribution of fine particulate matter trends according to
wind (speed and direction) and precipitation parameters in
two locations in Quito.This part includes a description of the
preparation of the data for classification. Then, various
machine learning models are exploited to classify different
levels of PM

2.5
, namely, Boosted Trees and Linear Support

Vector Machines. Finally, a Neural Network regression and a
time series analysis are applied to provide insight about the
parametric boundaries, in which the classification models
perform adequately. In the final section, we draw up themain
conclusions and suggestions for future work.

2. Data Collection

2.1. Site Description. Unlikemost of South America, themost
urbanized continent on the planet (81%), Ecuador, is one
of the few countries in the region with only 64% of total
population living in urban areas [23]. However, the rate of
urbanization has increased over the past decade. Quito
sprawls north to south on a long plateau lying on the east side
of the Pichincha volcano (alt. 4,784m.a.s.l., meters above sea
level) in the Andes cordillera at an altitude of 2,850m.a.s.l.
(see Figure 1). According to the 2010 census, Quito’s metro
area is currently 4,217.95 km2 with a population over 2,239,191
and is expected to increase to almost 2.8 million by 2020,
making the city the most populous city in the country,
overgrowing Guayaquil [24]. The city is contained within a
number of valleys at 2,300–2,450m.a.s.l. and terraces varying
from 2,700 to 3,000m.a.s.l. altitude. Due to Quito’s location
on the Equator, the city receives direct sunlight almost all year
round, and, due to its altitude, Quito’s climate is mild,
spring-like all year round. The region has two seasons, dry
(June–August, average precipitation 14mm/month) and wet
(September–May, average precipitation 59mm/month), with
most of the rainfall in the afternoons. Quito’s temperature
is almost constant, around 14.5∘C, with the prevailing winds
from the east. However, due to a complex terrain, thewinds in
the city are highly variable most of the year (dry season is
windier), challenging weather prediction in the region.
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Figure 1: Topographic map (b) of Quito’s urban area (green areas) and Google maps images (a) of the air quality measurement sites (red
dots) Cotocollao and Belisario.

For the purpose of this study, the two northwestern air
quality monitoring points are presented: Cotocollao and
Belisario (see red dots in Figure 1). These districts were
chosen to show the variation and complexity of the prediction
of fine particulate matter trends even within a relatively small
area of Quito with similar topographical characteristics (ap-
proximately the same altitude and directly east of the Pichin-
cha volcano).

2.2. Air Quality Measurements Monitoring Network and
Instrumentation. The municipal office of environmental
quality, Secretaria de Ambiente, has been collecting air quality
and meteorological data since May 1, 2007, in several sites
around the city.Themeasurement sites run by the Secretaria
de Ambiente are located in representative areas throughout
the city, varying by altitudes depending on municipal dis-
tricts. We used the real meteorological and PM

2.5
concen-

tration data from the two most northwestern automatic
data collection stations: Belisario (alt. 2,835m.a.s.l., coord.
78∘2924W, 0∘1048S) and Cotocollao (alt. 2,739m.a.s.l.,
coord. 78∘2950W, 0∘628S) (see Figure 1). These two sites
are approximately 9 km apart from each other. The Belisario
measurement site is less than 100m west of a busy road
(Avenida America), 200m northwest of a busy roundabout,
and less than 1,000m to the east of a major outer highway
(Ave. Antonio Jose de Sucre), which runs along the west
side of the city, intended to reduce the traffic inside the city
(Figure 1).The Cotocollao monitoring site is located in a resi-
dential area, with only a few busier streets, and the same outer
highway (Ave. Antonio Jose de Sucre) 250m to the north.
Both monitoring sites are inside of the “Pico y Placa” zone,
implemented in 2010, which, based on the last number of car

license plates, limits rush hour traffic reducing the number of
personal vehicles by approximately 20%during theweekdays.

The monitoring stations are positioned on the roofs of
relatively tall buildings. Fine particulate matter (PM

2.5
) mea-

surements are conducted using instrumentation validated by
the Environmental Protection Agency (EPA) of the United
States. For PM

2.5
Thermo Scientific FH62C14-DHS Contin-

uous, 5014i (EPA Number EQPM-0609-183), was used. The
detection limit for this instrument is 5𝜇g/m3 for one-hour
averaging. The aerosol data is collected at 10 s intervals, and
from this then 10min, 1-hour, and 24-hour averages are
calculated.The latter averaging data is presented in this work.
Wind velocity is measured using MetOne/010C and wind
direction using MetOne/020C instrumentation. The wind
speed sensor and wind direction starting threshold is
0.22m/s, and the accuracies are 0.07m/s and 3∘, respectively.
The precipitation is measured using MetOne/382 and Thies
Clima/5.4032.007 equipment. All meteorological parameters
have been validated using Vaisala/MAWS100 weather station.

3. Data Preparation

In this section the method for the preparation of the data
is presented, in order to proceed with the classification. It
includes refining steps to discard useless data, transforma-
tions to visually examine and understand the data, and
creation of an averaged intensitymap of the PM

2.5
concentra-

tions with respect to the selected meteorological parameters
(wind and precipitation).

3.1. Data Refinement. For this study we analyzed the data of
six years, starting June 2007 and ending July 2013. The two
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Figure 2: Data distribution for (a) Cotocollao and (b) Belisario, in terms of wind direction, wind speed, precipitation, and PM
2.5

concentrations (color scale). The inner circle represents wind speeds up to 2m/s and the outer circle represents wind speeds up to 4m/s.

datasets (one for eachmonitoring point) are composed out of
2,223 instances. Each data point consists of 4 parameters
indicating daily values of precipitation accumulation (mm),
wind direction (0–360∘), wind speed (m/s), and observed fine
particle concentrations (𝜇g/m3).

The datasets are cleaned by discarding data points that
include any missing values. These data points represent 2.8%
and 2.4% of the total data for Belisario and Cotocollao,
respectively. It has been demonstrated that missing data of
these magnitudes do not influence the classification perfor-
mance [25]. In addition, considering the very low number
of missing values, it is preferable to remove them instead
of performing an interpolation, taking into account the
following: (i) we proceed with an analysis on discrete vari-
ables (day-by-day) and not a time series forecasting and (ii)
the PM

2.5
concentrations are very inconstant from one day

to another. Weekend days are also removed from the dataset
because the distribution of PM

2.5
concentrations during the

weekdays and weekends is very different for Quito. This
could introduce an additional level of complexity in data
classification as during theweekdays there are clear rush hour
peaks (morning and evening), while on Saturdays PM

2.5
lev-

els increase between late morning and late afternoon hours.
In addition, Sundays can be identified by a drop of PM

2.5

concentration. These patterns are dictated by human activity
changes during the week, therefore, clearly showing PM

2.5

dependability on traffic. After cleaning, the final datasets are
composed of 1,527 instances for Belisario and 1,536 instances
for Cotocollao.

3.2. Data Transformation. To represent the data according to
a wind rose plot, the linear scale of wind direction (0–360∘)
is transformed from polar to Cartesian coordinates where
angles increase clockwise and both 0∘ and 360∘ are north

(N) (see Figure 2).Thismathematical transformation (see (1))
permits a more accurate feature representation of the data for
wind direction around the north axis. Otherwise, wind
direction angles slightly higher than 0∘ and slightly lower than
360∘ would be considered as two opposing directions. This is
useful for classification models that are implemented in the
next stage. This relates to machine learning models that
improve performance if there are continuous relationships
between parameters (optimization: smoother clustering task)
[26]. This transformation ensures both valid and more infor-
mative representation of the original data. In addition, this
representation can be completed by the precipitation levels,
which are plotted on the 𝑧-axis (Figure 2). The color range is
mapped from concentrations 0𝜇g/m3 to >25 𝜇g/m3. The
threshold of 25 𝜇g/m3 indicates the values fromwhich the 24-
hour concentrations of PM

2.5
are harmful according to inter-

national health standards.

𝑥 = sin(Wind Direction
360∘ ⋅ 2𝜋) ⋅Wind Speed,

𝑦 = cos(Wind Direction
360∘ ⋅ 2𝜋) ⋅Wind Speed.

(1)

A visual inspection of the transformeddata shows that the
wind directions corresponding to precipitation are north
(N) for Cotocollao (Figure 2(a)) and east (E) for Belisario
(Figure 2(b)). The stronger winds tend to take place between
south (S) and southeast (SE) for Cotocollao and between
southwest (SW) and SE in Belisario. As expected, in both
cases these stronger winds seem to account for relatively low
levels of PM

2.5
.

3.3. Trend Analyses. In order to obtain general trends in the
distribution of the PM

2.5
concentrations as a function of
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wind speed and wind direction, the data are used to generate
convolutional based spatial representations. Convolution-
based models for spatial data have increased in popularity as
a result of their flexibility in modeling spatial dependence
and their ability to accommodate large datasets [27]. This
generated Convolutional Generalization Model (CGM) [28]
is an averaged value of the PM

2.5
pollution level (PL), inwhich

the regional quantity of influence per data point ismodeled as
a 2D Gaussian matrix (see (2)). A Gaussian convolution is
applied (i) to spatially interpolate data, in order to get a
2D representation from the points’ coordinates calculated in
(1) and (ii) to smooth the PL concentration values of this
representation. A Gaussian kernel is used because it inhibits
the quality of monotonic smoothing, and as there is no prior
knowledge about the distribution, a kernel density function
with high entropy minimizes the information transfer of the
convolution step to the processed data [29].This 2DGaussian
matrix is multiplied by the PL of the given data point and
added to the CGM at the coordinates corresponding to the
wind speed and direction of this point. Then, the quantity of
influence is added to the point. The final step is to divide the
total amount of each cell by the quantity of influence, which
results in a generalized average value.

CGM (rows, colums) = PL 136
[[[[[[[[
[

1
4
6
4
1

]]]]]]]]
]

[1 4 6 4 1] . (2)

The general tendencies are as follows: (i) strong winds
result in low PM

2.5
concentrations and (ii) the strongest

winds generally come from the similar direction (SE for
Cotocollao and S for Belisario).The results of CGMs for both
sites are shown in Figure 3 as an overlay on top of the geo-
graphic location of their respectivemonitoring stations.Main
highways are indicated in green. The highest concentrations
of PM

2.5
(from yellow to red) tend to be brought by the

winds coming from these main highways. It is to note that
higher wind speeds for Cotocollao tend to be on the axis of
Quito’s former airport (grey-green area, center of themap, see
Figure 3), currently transformed into a city park. This traffic
and structure free corridor seems to accelerate wind speeds,
whichmay explain the reduction of PM

2.5
concentrations due

to better ventilation of this part of the city.
During the study, average PM

2.5
concentrations in Coto-

collao and Belisario are 15.6𝜇g/m3 and 17.9 𝜇g/m3, respec-
tively, both exceeding the national standards. During the
studied six years, the area of Belisario was more polluted with
more variation in PM

2.5
concentrations (higher deviation,

see Figure 4) and more turbulent (Figure 3) than Cotocollao.
These factors could be the result of Belisario being more
urbanized.

4. Classification Models

Machine learning models are used to separate the data in
different classes of PM

2.5
concentrations. Supervised learning

1 km
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Figure 3: CGM visualization, positioned on top of the geographic
location of the respective monitoring stations (northwestern part
of Quito). The northern CGM visualization is Cotocollao and the
southern one is Belisario. Main highways are represented in green.
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Figure 4: Distribution of PM
2.5

concentrations (June 2007 to July
2013) for Cotocollao and Belisario. Dashed black line represents the
national standards and the class seperation boundary (15𝜇g/m3).

techniques are applied to create models on this classification
task. Here we introduce Boosted Trees (BTs) and Linear Sup-
port Vector Machines (L-SVM). A BT combines weak learn-
ers (simple rules) to create a classification algorithm, where
each misclassified data point per learner gains weight. A
following learner optimizes the classification of the high-
est weighted region. Boosted Trees are known for their
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Table 1: Binary classification with class separation at 15𝜇g/m3.
Model Location

Belisario Cotocollao
BT 83.2% 67.6%
L-SVM 79.8% 66.3%

insensibility to overfitting and for the fact that nonlinear
relationships between the parameters do not influence the
performance. A L-SVM separates classes with optimal dis-
tance. Convex optimization leads the algorithm to not focus
on local minima. As these two models are well established
and inhibit different qualities, they are used in this section.All
computations and visualizations are executed in MathWorks
Matlab 2015. Toolboxes for the classifications, the statistics,
andmachine learning processes are used in all the stages. Fur-
thermore,Matlab’s integrated tools for distribution fitting and
curve fitting are applied for the different analyses. The initial
parameters provided by theMatlab toolbox software are used
in this work. ADAboost learningmethodwith a total amount
of 30 learners and a maximum number of splits being 20 at
a learning rate of 0.1 are the default parameters for the BT.
The SVM is initialized with a linear kernel of scale 1.0, a box
constrained level of 1.0, and an equal learning rate of 0.1.

Fluctuations in yearly PM
2.5

concentrations are not taken
into account in this classification process as a previous
analysis showed a small variation in fine particulate matter
pollution levels during the studied period [5]. A binary clas-
sification is performed to set a baseline comparison between
the different sites. Then, a three-class classification is carried
out to assess the separability between three ranges of concen-
trations of PM

2.5
(based on WHO guidelines) and provide

insight into general classification rules.

4.1. Binary Classification. In this first classification two class-
es are used, which represent values above and below 15 𝜇g/m3.
The latter value is selected as it is the National Air Quality
Standard of Ecuador for annual PM

2.5
concentrations (equiv-

alent to WHO’s Interim Target-3) [30]. Due to the normal
distribution of the datasets, as shown in Figure 4, a higher
accuracy for Belisario than Cotocollao is expected, partially
because of a priori imbalanced class distribution. A previous
study using the same classification shows an accuracy of
only 65% for Cotocollao by applying the trees.J48 algorithm,
which is a decision tree implementation integrated in the
WEKA machine learning workbench [5].

Classification with both BT and L-SVM shows similar
results. Table 1 presents the results of this first classification.
The implementation of the classification for Belisario outper-
forms that of Cotocollao. It also suggests that the extreme lev-
els (low and high) of PM

2.5
could be more straightforward to

classify with the current parameters, implying a higher class
separability for the Belisario dataset (wider distribution).
Tables 2 and 3 show that the concentrations above 15 𝜇g/m3
for both sites are better classified than those below the
15 𝜇g/m3 boundary.This is less surprising for Belisario due to

Table 2: Confusion matrix of binary classification for Cotocollao
using a BT. Rows represent the true class and columns represent the
predicted class.

Class <15 >15 TPR/FNR

<15 51.1% 48.9% 51.1%
48.9%

>15 20.3% 79.7% 79.7%
20.3%

Table 3: Confusion matrix of Binary classification for Belisario
using a BT. Rows represent the true class and columns represent the
predicted class.

Class <15 >15 TPR/FNR

<15 49.0% 51.0% 49.0%
51.0%

>15 5.1% 94.9% 94.9%
5.1%

the earlier mentioned class imbalance. For Cotocollao, how-
ever, the poor performance for this class can indicate that this
class is less distinctive; thus the model optimizes the class
above 15 𝜇g/m3. Note that it is crucial to be able to classify
nonattainment (PM

2.5
> 15 𝜇g/m3) instances, as wrongly

identified nonviolating national standards (PM
2.5
< 15𝜇g/

m3) levels would be a less costly error.
In Figure 5(a) Receiver Operating Characteristic (ROC)

curves comparison is shown for the binary classifiers pre-
sented in Table 1, namely, the BT and L-SVM classifiers.
Figure 5(a) depicts the ROC curves for Cotocollao dataset
and Figure 5(b) the ROC curves for Belisario dataset. Once
the classifiers models are built for every dataset, a validation
set is presented to the model, in order to predict the class
label. It is also of interest to have the classification scores of the
model which indicate the likelihood that the predicted label
comes from a particular class. The ROC curves are con-
structed with this scored classification and the true labels in
the validation dataset (Figure 5).

ROC curves are useful to evaluate binary classifiers and to
compare their performances in a two-dimensional graph that
plots the specificity versus sensitivity. The specificity mea-
sures the true negative rate, that is, the proportion of negatives
that have been correctly classified: true negatives/negatives =
true negatives/(true negatives + false positives). Likewise, the
sensitivity measures the true positive rate, that is, the propor-
tion of positives correctly identified: true positives/positives
= true positives/(true positives + false negatives). The area
under the ROC curve (AUC) can be used as a measure of
the expected performance of the classifier, and the AUC of a
classifier is equal to the probability that the classifier will
rank a randomly chosen positive instance higher than a
randomly chosen negative instance [31]. Figure 5(b) shows
the performance of the BT and L-SVM classifiers for the
Belisario dataset. The BT outperforms the L-SVM classifier
in all regions of the ROC space, with [AUC(BT) = 0.72] >
[AUC(L-SVM) = 0.66], which means a better performance
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Figure 5: ROC curves for Cotocollao (a) and Belisario (b).

for the BT classifier. The BT classifier has a fair performance
separating the two classes in the Belisario dataset.

In Figure 5(a) the ROC curves and AUC are presented for
the Cotocollao dataset. Again, BT performs better than the
L-SVM classifier with [AUC(BT) = 0.59] > [AUC(L-SVM) =
0.56].This time the classifiers for the Cotocollao dataset have
a poor performance separating the two classes, with a perfor-
mance just slightly better when compared to a random clas-
sifier with AUC = 0.5.The classification result is clearly better
for Belisario than for Cotocollao. Thus, a three-class classi-
fication should identify if for both sites; the extreme concen-
trations could be better classified than themoderate ones and
clarify the low performance for Cotocollao.

4.2. Three-Class Classification. To further analyze the differ-
ences of multiple categories of concentration levels, a three-
class classification is performed using WHO’s guidelines for
pollution concentrations as class boundaries. According to
these guidelines, health risks are considered low if PM

2.5
<

10 𝜇g/m3 (long term, annual WHO’s recommended level),
moderate if 10 𝜇g/m3 > PM

2.5
< 25 𝜇g/m3, and high if

PM
2.5
> 25 𝜇g/m3 (short term, 24-hour WHO’s recom-

mended level). The objective is to identify if these main
pollution thresholds are indeed well separable and thus the
weather parameters can account for PM

2.5
pollution in these

three ranges of air quality.
In both studied districts the classes < 10 𝜇g/m3 and >25𝜇g/m3 are relatively small with approximately 10% of the

data compared to the class 10–25 𝜇g/m3. Due to this fact, an
alternative BT algorithm is used to take into account these
imbalanced classes. This RusBoosted Tree (RBT) approach

Table 4: Confusion matrix of three-class classification for Cotocol-
lao using aRBT. Rows represent the true class and columns represent
the predicted class.

Class <10 10–25 >25 TPR/FNR

<10 76.3% 16.3% 7.4% 76.3%
23.7%

10–25 28.3% 28.8% 42.9% 28.8%
71.2%

>25 6.3% 20.3% 73.4% 73.4%
26.6%

endeavors to find an even distribution of performance for
all classes instead of finding a global optimum [32]. This
leads to a better representation of the separability. The true
positive versus false negative rate (TPR/FNR) is shown for
each class in the confusion matrices of Cotocollao (Table 4)
and Belisario (Table 5).

Tables 4 and 5 show that the correctness in classifying
concentrations < 10 𝜇g/m3 seems to perform adequately.
Also, the correct classification for concentrations > 25 𝜇g/
m3 in Cotocollao is fair. However, the false positive rate of
this classification is extremely high, because 42.9% of the
10–25 𝜇g/m3 class gets classified as class > 25 𝜇g/m3. For
Belisario, the separation of classes 10–25 𝜇g/m3 and >25 𝜇g/
m3 is deficient. In both cases, only the extreme low values can
be classifiedwell.Thus, the hypothesis of the extreme concen-
trations in PM

2.5
being more straightforward to classify (see

Section 4.1) is only partially verified.
Analyzing the wrongly classified samples of class 10–25𝜇g/m3 shows that, for samples classified as <10 𝜇g/m3, the
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Figure 6: Wrongly classified samples of class 10–25 𝜇g/m3 with their real value distributions for Cotocollao (a) and Belisario (b).

Table 5: Confusion matrix of three-class classification for Belisario
using a RBT. Rows represent the true class and columns represent
the predicted class.

Class <10 10–25 25 TPR/FNR

<10 84.8% 9.5% 5.7% 84.8%
15.2%

10–25 12.3% 53.5% 34.2% 53.5%
46.5%

>25 6.5% 45.1% 48.4% 48.4%
51.6%

real values tend to be relatively close to 10 𝜇g/m3. This
evidence is even stronger for Belisario (Figure 6(b)), than for
Cotocollao (Figure 6(a)). This indicates a changeover in val-
ues around the decision boundary. The same does not apply
to the wrongly classified samples that are grouped as>25 𝜇g/m3. As shown in Figure 6 these values aremostly nor-
mally distributed around themean of class 10–25 𝜇g/m3. Even
though for Belisario the mean is shifted, it is not evident
that wrongly classified samples of class 10–25 𝜇g/m3 into class
25 𝜇g/m3 tend to be closer to values of 25𝜇g/m3, as this
shift is mainly caused by the fact that the mean value of the
Belisario initial data is higher (see Figure 4).We can conclude
that the low performance for Cotocollao in the previous
section (Section 4.1) is mainly caused by the fact that the clas-
sifier tries to separate values in the range of 10–25 𝜇g/m3 and>25 𝜇g/m3, which are poorly separable according to the
three-class classification.

These results show that values of 10–25𝜇g/m3 and>25 𝜇g/
m3 are not well separable and thus not largely influenced by
the used meteorological parameters. On the contrary, lower

values seem to be largely predictable by wind and precipita-
tion conditions. This statement gains confidence by looking
at the wrongly classified data points discussed previously (see
Figure 6).

4.3. Classification Rules. Binary classification between all dif-
ferent classes with the use of RBTs provides general rules
for classifying the different levels of PM

2.5
in terms of the

parameter space. Here, the well performing rules in classi-
fying PM

2.5
concentrations < 10 𝜇g/m3 are discussed. The

rules and their performance can be seen in Table 6.This table
shows that rules separating classes < 10 𝜇g/m3 versus 10–25𝜇g/m3 and <10 𝜇g/m3 versus >25 𝜇g/m3 have a high percent-
age of accuracy. On the contrary, the separation between
10–25 𝜇g/m3 and >25 𝜇g/m3 is less accurate.

Figure 7 provides a visualization of the data according to
the class separation in Table 6 for the example of Cotocollao.
The RBT classification of the data as seen in Figures 7(a) and
7(b) creates two clusters for class < 10 𝜇g/m3. In the case of
Belisario, the RBT classifications result in identifying only
one cluster for class < 10 𝜇g/m3.

It is to note that, for Cotocollao, the performance increas-
es drastically comparing the binary classifications of <10 𝜇g/
m3 versus 10–25 𝜇g/m3 and <10 𝜇g/m3 versus >25 𝜇g/m3
(from 73.2% up to 88.9%, see Table 6). In contrast, the per-
formance for Belisario for these two classifications does not
differ (from 86.7% to 88.8%). This indicates that the data for
Cotocollao are less separable at the 10–25 𝜇g/m3 class than for
Belisario.

To sum up the outcomes of the classification models, the
binary classification utilizing the National and International
Air Quality Standards as class labels (PM

2.5
< 15 𝜇g/m3,

PM
2.5
> 15𝜇g/m3) showed a high difference in performance
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Table 6: Classification rules and pairwise comparisons between the different classes and their respective performance.

Classification Location
Cotocollao Belisario

<10 𝜇g/m3 versus
10–25𝜇g/m3

Classification rules
Wind speed > 2.5m/s
Wind direction = S-SE Wind speed > 2.2m/s

Wind direction = SE-SWWind direction = NW-NE
Precipitation > 15mm

Classification performance
73.2% (Figure 7(a)) 86.7%

<10 𝜇g/m3 versus
>25 𝜇g/m3

Classification rules
Wind speed > 2m/s

Wind direction = S-SE Wind speed > 2m/s
Wind direction = SE-SWWind direction = NW-NE

Precipitation > 1mm
Classification performance

88.9% (Figure 7(b)) 88.8%
10–25𝜇g/m3 versus>25 𝜇g/m3 60.0% 64.1%
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Figure 7: Data split for three different classes (see Table 6): (a) <10 𝜇g/m3 versus 10–25 𝜇g/m3 and (b) <10 𝜇g/m3 versus >25 𝜇g/m3. Both (a)
and (b) are results for Cotocollao mapped in terms of wind direction, wind speed, and precipitation. The inner circle represents wind speeds
up to 2m/s and the outer circle represents wind speeds up to 4m/s.

between the two sites. In order to explain this difference and
themisclassifications, the analysis was refined to a three-class
classification based on WHO’s guidelines regarding the con-
sequences of PM

2.5
concentrations on health risks as low

(PM
2.5
< 10 𝜇g/m3), moderate (PM

2.5
= 10–25 𝜇g/m3), and

high (PM
2.5
> 25 𝜇g/m3). This classification showed high

performance in categorizing low concentrations in contrast to
high concentrations.Next, we propose a regression analysis to
pinpoint the upper boundary of PM

2.5
values, for which the

weather parameters are still able to explain variation in
pollution levels that are not described by the classification
analysis.
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Figure 8: Decrease in average prediction error with increasing parameter values (precipitation and wind speed) for Cotocollao (orange) and
Belisario (blue).

5. Regression Analyses

In this section an additional machine learning analysis, based
on BT, L-SVM, and Neural Networks (NN), is used to per-
form a regression for both sites. Default parameters provided
by the Matlab toolbox software are used to set up the models.
NN are appropriate models for highly nonlinear model-
ing and when no prior knowledge about the relationship
between the parameters is assumed. The NN consist of 10
nodes in 1 hidden layer, trained with a Levenberg-Marquardt
procedure, in combination with a random data division.
Identifying the correlation between the real and predicted
values gives us the topological coherence between the input
and output parameter values. In addition, the error related to
the parameter values provides insight regarding the predic-
tion confidence for determined weather conditions. Also, the
analysis of the data trend over time will inform on the appli-
cability of a time series forecasting. Finally, the CGM is used
to remark on the possibility of optimizing the regression.

5.1. Regression Models. A regression is performed with three
different classifiers. Bin sizes of 0.5 𝜇g/m3 (0–35 𝜇g/m3 range)
are used for the models that output discrete class values (BT
and SVM). This relatively small bin size permits these
models to perform regression as their output values closely
approach continuous values.The additional parameters of the
models are set up as explained in the binary and three-class
classification (Sections 4.1 and 4.2). The models are trained
with 10-fold cross-validation. The test set is 20% of the

original data. Unlike the NN continuous output values, the
discrete output values of the other models can have an effect
on the classification error.However, as the bin size is relatively
small, we expect the errors related to these types of output to
be marginal.

MSE = 1𝑛 ⋅
𝑛∑
𝑖=1

(𝑦
𝑖
− 𝑦
𝑖
)2 . (3)

The mean squared error (MSE) is used to measure the
classification performance (see (3)). TheMSE is the averaged
squared error per prediction. The mean absolute percentage
error (MAPE) is used to express the average prediction error
in terms of percentage of a data point’s real value (see (4)).
TheMAPE function provides a more intuitive understanding
of the performance.

MAPE = ∑𝑛𝑖=1 (𝑦𝑖 − 𝑦𝑖) /𝑦𝑖𝑛 . (4)

An analysis of the confidence levels in relation to the pre-
cipitation and wind speed parameters is shown in Figure 8.
The prediction confidence rises when the parameter values
increase. A level of confidence is explained as the average
prediction error (absolute difference between the real and the
predicted values, root of MSE) at a certain interval with
respect to an input parameter. In Figure 8, fitted lines repre-
sent the predicted data in terms of their absolute error with
respect to precipitation and wind speed for both sites. The
decrease in errors can be seen with respect to increasing
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Figure 9: Neural Network’s regressive prediction of Cotocollao PM
2.5

concentration (light grey) compared to the real data (dark grey) during
the wet season plotted against daily rain accumulation and wind speed thresholds, >1mm and >2.5m/s, respectively (see Table 6, thresholds
obtained from 3-class classification). The dashed black line represents the national standards for PM

2.5
annual concentrations.

values of these specified input parameters. It suggests that the
prediction of PM

2.5
concentration ismore reliable for extreme

than moderate climatic conditions.
Figure 9 shows an example of the comparison of the

predictive models of PM
2.5

concentration and the real PM
2.5

concentration for Cotocollao during six months of a wet
season (first half of 2008). The graph shows the 5-point box-
smoothed data to demonstrate the good prediction of the
tendency of the PM

2.5
concentrations. Besides a certain gap,

the estimated values seem to fairly correlate with the real data.
The correlation analysis shows a significant positive corre-
lation between the real concentrations and the predicted
concentrations, 𝑟(130) = 0.5, 𝑝 < 0.000. Also, the model
performance is relatively good throughout the study period.
The correlation analysis for all of the data shows a significant
positive correlation between the real and predicted PM

2.5

concentrations, 𝑟(1534) = 0.34, 𝑝 < 0.000.
This visualization shows that the error of predicted

concentration seems to increase when PM
2.5

concentration
increases. The reduction in both real and estimated PM

2.5

concentrations coincides with rain events and wind speeds
above the thresholds defined in Table 6 (>1mm and >2.5m/s,
resp.).

The results of the MSE for the regression show that in
both city sites a NN performs the best (see Table 7). The
correlation analysis shows that there is a logarithmic relation-
ship between the real particle concentration values and the
prediction (Figure 10). It means that there is an overpredic-
tion for low values and an underprediction for high values
and an overall decrease in correlation as values get higher.The
correlation seems the best for values around 17𝜇g/m3 forCot-
ocollao and 19 𝜇g/m3 for Belisario.

To sum up, the present input parameters do not well
describe an increase in PM

2.5
concentrations if these levels are

transcending values over 20𝜇g/m3, as errors increase at this
point and prediction values stagnate.Thus, additional param-
eters must be considered for the prediction of PM

2.5
levels

Table 7: MSE andMAPE of the NN, L-SVM, and BT on regression.

Model Location
Belisario Cotocollao

NN 22.1 (26%) 40.7 (40%)
L-SVM 26.8 (28%) 41.8 (41%)
BT 28.5 (30%) 44.4 (42%)

Table 8: MSE and MAPE of CGM and NN regression.

Model Location
Belisario Cotocollao

CGM 15.6 (22%) 15.0 (25%)
NN 22.1 (26%) 40.7 (40%)

beyond this concentration threshold, since meteorological
factors alone are not able to account for the whole particulate
matter concentrations. For instance, considering human
activity (e.g., car traffic), which is the main source of pollu-
tion, should contribute to the reduction of the overprediction
and underprediction observed in our model.

5.2. Optimization. TheCGM, as applied in Section 3.3, could
be used in classification tasks. In this section a 10-fold
cross-validation on regression with this model is applied to
compare it with the best performing model (NN).

The results show a substantial reduction in MSE with
the CGM regression compared to the NN regression for the
two city sites (see Table 8). It is to note that this diminution is
particularly high in the case of Cotocollao. It seems that the
model is able to better handle the dense (see Figure 4) and
noisy (as stated in Section 4.3) data of Cotocollao than the
NN. The similar performance in both sites means that this
model has the potential to be applied in various situa-
tions with similar expected error rates. Further development
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should aid in qualifying the true robustness of this approach
by exploiting the possibility of modeling with other spatial
dependencies, such as density of measurements and day-
by-day shifts, which represent the degree of freedom of
parameters related to readings of the previous day(s). The
latter dependency could be combined with linear quadratic
estimation (LQE) techniques such as Kalman filters to im-
prove the precision.

6. Conclusions and Perspectives

This study proposes a machine learning approach to predict
PM
2.5

concentrations from meteorological data in a high-
elevation mid-sized city (Quito, Ecuador). Standard levels of
fine particulate matter are classified by using different
machine learning models. This classification is performed on
six years’ records of dailymeteorological values of wind speed
(m/s), wind direction (0–360∘), and precipitation accumu-
lation (mm) for two air quality monitoring sites located in
Quito (Cotocollao and Belisario). Although these sites are
both in Quito’s urbanized area, they exhibit differences in
spread and dominance regarding wind features (speed and
direction) that account for high PM

2.5
concentrations and

distribution of pollution levels over the years. This could be
caused by the fact that Belisario ismore urbanized thanCoto-
collao and more importantly due to the extremely complex
terrain of the city.

For these two different districts the results show a high
reliability in the classification of low (<10 𝜇g/m3) versus
high (>25 𝜇g/m3) and low (<10 𝜇g/m3) versus moderate

(10–25 𝜇g/m3) PM
2.5

concentrations. We found well defined
clusters, within the parameter space, for PM

2.5
concentrations< 10 𝜇g/m3. The regression analysis shows that the used

parameters can predict PM
2.5

concentrations up to 20𝜇g/m3
and the accuracy of the predictions is improved in condi-
tions of strong winds and high precipitation for both Coto-
collao and Belisario.There is a significant positive correlation
between the real concentrations and the predicted concen-
trations for all the study period. The slightly higher corre-
lation during the rainy season confirms that the model can
predict PM

2.5
concentrations better for more extreme weath-

er conditions.
Using a convolutional based spatial representation (CGM)

to perform regression shows improving performance com-
pared to various used machine learning algorithms (NN, L-
SVM, and BT). In addition to this model, finding trends over
periods of time with the use of time series algorithms could
further improve the prediction and would make a long-term
forecasting of PM

2.5
concentrations possible [13].

Themain contribution of this study is to propose an alter-
native approach to chemical transport numerical modeling,
such as WRF-Chem or CMAQ, the performance of which
depends on several input parameters (emission inventory,
orography, etc.) and the accuracy of built-in meteorological
models (WRF, MM5). The application of numerical models
for complex terrain regions is challenging, since important
topographic features are not well represented [11, 33]. This
produces imprecisions in not only forecasting air quality, but
also relevant meteorology [10, 12, 34, 35]. Here, the proposed
model provides a more reliable and more economical alter-
native to predict PM

2.5
levels, as it only requires meteoro-

logical data acquisition. In addition, accurate meteorological
technology is far more affordable compared to air quality
sensors that can exceed the price over 100 times. Finally, this
model is based on the three basic meteorological parameters
(wind speed, wind direction, and precipitation), which have a
straightforward effect on pollution.Thus, by considering that
our model has a good prediction efficiency for a city of such
a complex topography, we argue that it could be success-
fully applied in other tropical locations (regions of reduced
changes in solar angle, temperature, and relative humidity).

Also, this work provides an insight into the main limi-
tations regarding PM

2.5
prediction from meteorological data

andmachine learning.The classification and regression show
that concentrations > 20𝜇g/m3 seem to be influenced more
by additional parameters than the meteorological factors
used in this study. For example, although daily temperature,
solar radiation, and pressure do not vary much during the
year, theymightmake a difference if analyzed during different
times of the day, causing different pollution levels in the city.
An interesting approach to tackle this limitation would be to
consider a hybrid model that would mix a numerical method
(WRF-Chem or CMAQ) with machine learning algorithms
[10].

Other climatic conditions and unusual impactful events
causing higher pollution levels (festivities, wild fires, acci-
dents, seasonal variability, or natural calamities) could also
explain changes in PM

2.5
concentrations exceeding 20𝜇g/m3.
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Future work will consist of identifying the parameters or
events causing values above this threshold. Furthermore, we
intend to improve our CGM and use it to classify outliers and
find their cause. Considering the diverse machine learning
models used in air quality prediction, such asNeuralNetwork
[13–15], regression [18], decision trees, and Support Vector
Machine [17], we applied and testedmost of these classifiers in
this study. Alternative approaches to improve the accuracy of
ourmodel would consist of performing a prediction based on
an ensemble of different algorithms of data processing and
modeling [16, 17, 22].

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.

Acknowledgments

The authors would like to thank David R. Sannino for editing
the text.

References

[1] United Nations, Department of Economic and Social Affairs
(2015). World Population Prospects, the 2015 Revision, in
Population Division edited, UN.

[2] World Health Organization,Media Centre (2016). Air pollution
levels rising in many of the world’s poorest cities. http://www
.who.int/mediacentre/news/releases/2016/air-pollution-rising/.

[3] J. Lelieveld, J. S. Evans, M. Fnais, D. Giannadaki, and A. Pozzer,
“The contribution of outdoor air pollution sources to premature
mortality on a global scale,” Nature, vol. 525, no. 7569, pp. 367–
371, 2015.

[4] C. A. Pope andD.W.Dockery, “Health effects of fine particulate
air pollution: lines that connect,” Journal of the Air and Waste
Management Association, vol. 56, no. 6, pp. 709–742, 2006.

[5] Y. Rybarczyk and R. Zalakeviciute, “Machine learning approach
to forecasting urban pollution: a case study of Quito,” in
Proceedings of the IEEE Ecuador Technical Chapters Meeting,
(ETCM ’16), Guayaquil, Ecuador, 2016.

[6] M. A. Pohjola, A. Kousa, J. Kukkonen et al., “The spatial and
temporal variation of measured urban PM

10
and PM

2.5
in the

Helsinkimetropolitan area,”Water, Air and Soil Pollution: Focus,
vol. 2, no. 5, pp. 189–201, 2002.

[7] Y. Li, Q. Chen, H. Zhao, L. Wang, and R. Tao, “Variations in
pm10, pm2.5 and pm1.0 in an urban area of the sichuan basin
and their relation to meteorological factors,”Atmosphere, vol. 6,
no. 1, pp. 150–163, 2015.

[8] J. Wang and S. Ogawa, “Effects of meteorological conditions on
PM2.5 concentrations inNagasaki, Japan,” International Journal
of Environmental Research and Public Health, vol. 12, no. 8, pp.
9089–9101, 2015.

[9] F. Zhang, H. Cheng, Z. Wang et al., “Fine particles (PM2.5) at
a CAWNET background site in central China: chemical com-
positions, seasonal variations and regional pollution events,”
Atmospheric Environment, vol. 86, pp. 193–202, 2014.

[10] X. Xi, Z. Wei, R. Xiaoguang et al., “A comprehensive evalu-
ation of air pollution prediction improvement by a machine
learning method,” in Proceedings of the 10th IEEE International

Conference on Service Operations and Logistics, and Informatics,
SOLI 2015 - In conjunction with ICT4ALL ’15, pp. 176–181,
Hammamet, Tunisia, November 2015.

[11] P. A. Jimenez and J. Dudhia, “Improving the representation
of resolved and unresolved topographic effects on surface
wind in the WRF model,” Journal of Applied Meteorology and
Climatology, vol. 51, no. 2, pp. 300–316, 2012.

[12] R. Parra and V. Dı́az, “Preliminary comparison of ozone con-
centrations provided by the emission inventory/WRF-Chem
model and the air quality monitoring network from the Distrito
Metropolitano de Quito (Ecuador),” in Proceedings of the 8th
annual WRF User’s Workshop, NCAR, Boulder, Colo, USA.

[13] X. Ni, H. Huang, and W. Du, “Relevance analysis and short-
term prediction of PM2.5 concentrations in Beijing based on
multi-source data,” Atmospheric Environment, vol. 150, pp. 146–
161, 2017.

[14] J. Chen, H. Chen, Z. Wu, D. Hu, and J. Z. Pan, “Forecasting
smog-related health hazard based on social media and physical
sensor,” Information Systems, vol. 64, pp. 281–291, 2017.

[15] J. Zhang and W. Ding, “Prediction of air pollutants concen-
tration based on an extreme learning machine: the case of
Hong Kong,” International Journal of Environmental Research
and Public Health, vol. 14, no. 2, p. 114, 2017.

[16] P. Jiang, Q. Dong, and P. Li, “A novel hybrid strategy for PM2.5
concentration analysis and prediction,” Journal of Environmen-
tal Management, vol. 196, pp. 443–457, 2017.

[17] K. P. Singh, S. Gupta, and P. Rai, “Identifying pollution sources
and predicting urban air quality using ensemble learning
methods,” Atmospheric Environment, vol. 80, pp. 426–437, 2013.

[18] C. Brokamp, R. Jandarov, M. B. Rao, G. LeMasters, and P.
Ryan, “Exposure assessment models for elemental components
of particulate matter in an urban environment: a comparison of
regression and random forest approaches,” Atmospheric Envi-
ronment, vol. 151, pp. 1–11, 2017.

[19] M. Arhami, N. Kamali, and M. M. Rajabi, “Predicting hourly
air pollutant levels using artificial neural networks coupled with
uncertainty analysis by Monte Carlo simulations,” Environmen-
tal Science and Pollution Research, vol. 20, no. 7, pp. 4777–4789,
2013.

[20] A. Russo, F. Raischel, and P. G. Lind, “Air quality prediction
using optimal neural networks with stochastic variables,”Atmo-
spheric Environment, vol. 79, pp. 822–830, 2013.

[21] M. Fu, W. Wang, Z. Le, and M. S. Khorram, “Prediction of
particular matter concentrations by developed feed-forward
neural network with rolling mechanism and gray model,”
Neural Computing andApplications, vol. 26, no. 8, pp. 1789–1797,
2015.

[22] W. Sun and J. Sun, “Daily PM
2.5

concentration prediction based
on principal component analysis and LSSVM optimized by
cuckoo search algorithm,” Journal of Environmental Manage-
ment, vol. 188, pp. 144–152, 2017.

[23] United Nations Development Programme (UNDP), Human
development report 2014, Sustaining Human Progress: Reduc-
ing Vulnerabilities and Building Resilience.

[24] Instituto Nacional de Estadistica y Censos (INEC), Quito, el
cantón más poblado del Ecuador en el 2020, 2013.

[25] E. Acuña and C. Rodriguez, “The treatment of missing values
and its effect on classifier accuracy,” inClassification, Clustering,
and Data Mining Applications, D. Banks, F. R. McMorris,
P. Arabie, and W. Gaul, Eds., pp. 639–647, Springer, Berlin,
Heidelberg, 2004.

http://www.who.int/mediacentre/news/releases/2016/air-pollution-rising/
http://www.who.int/mediacentre/news/releases/2016/air-pollution-rising/


14 Journal of Electrical and Computer Engineering

[26] I. Mierswa, M. Wurst, R. Klinkenberg, M. Scholz, and T. Euler,
“Yale: rapid prototyping for complex data mining tasks,” in
Proceedings of 12th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, pp. 935–940, Philadel-
phia, PA, USA, 2006.

[27] C. A. Calder and N. Cressie, “Some topics in convolution-
based spatial modeling,” in Proceedings of the 56th Session
of the International Statistics Institute, International Statistics
Institute, Netherlands, 2007.

[28] F. Fouedjio, N. Desassis, and J. Rivoirard, “A generalized
convolution model and estimation for non-stationary random
functions,” Spatial Statistics, vol. 16, pp. 35–52, 2016.

[29] J. Babaud, A. P. Witkin, M. Baudin, and R. O. Duda, “Unique-
ness of the Gaussian kernel for scale-space filtering,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol.
8, no. 1, pp. 26–33, 1986.

[30] MA, “Ministerio Del Ambiente: Norma de Calidad del Aire
Ambiente o Nivel de Inmision Libro VI Anexo 4, 2015”.

[31] T. Fawcett, “An introduction to ROC analysis,” Pattern Recogni-
tion Letters, vol. 27, no. 8, pp. 861–874, 2006.

[32] C. Seiffert, T. M. Khoshgoftaar, J. VanHulse, and A. Napolitano,
“RUSBoost: A hybrid approach to alleviating class imbalance,”
IEEE Transactions on Systems, Man, and Cybernetics Part
A:Systems and Humans, vol. 40, no. 1, pp. 185–197, 2010.

[33] P. A. Jimenez and J. Dudhia, “On the ability of the WRF model
to reproduce the surface wind direction over complex terrain,”
Journal of Applied Meteorology and Climatology, vol. 52, no. 7,
pp. 1610–1617, 2013.

[34] A. Meij, A. De Gzella, C. Cuvelier et al., “The impact of MM5
and WRF meteorology over complex terrain on CHIMERE
model calculations,” Atmospheric Chemistry and Physics, vol. 9,
no. 17, pp. 6611–6632, 2009.

[35] P. Saide, G. Carmichael, S. Spak et al., “Forecasting urban
PM10 and PM2.5 pollution episodes in very stable nocturnal
conditions and complex terrain using WRF-Chem CO tracer
model,” Atmospheric Environment, vol. 45, no. 16, pp. 2769–
2780, 2011.



Research Article
Extreme Learning Machine and Moving Least Square Regression
Based Solar Panel Vision Inspection

Heng Liu,1 Caihong Zhang,2 and Dongdong Huang1

1School of Computer Science and Technology, Anhui University of Technology, Maxiang Road, Ma’anshan 243032, China
2BOCOM Smart Network Technologies Inc., Shanghai 200433, China

Correspondence should be addressed to Heng Liu; hengliusky@aliyun.com

Received 6 February 2017; Accepted 23 March 2017; Published 16 May 2017

Academic Editor: Lei Zhang

Copyright © 2017 Heng Liu et al.This is an open access article distributed under the Creative CommonsAttribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

In recent years, learning based machine intelligence has aroused a lot of attention across science and engineering. Particularly in
the field of automatic industry inspection, the machine learning based vision inspection plays a more and more important role
in defect identification and feature extraction. Through learning from image samples, many features of industry objects, such as
shapes, positions, and orientations angles, can be obtained and then can be well utilized to determine whether there is defect
or not. However, the robustness and the quickness are not easily achieved in such inspection way. In this work, for solar panel
vision inspection, we present an extreme learning machine (ELM) and moving least square regression based approach to identify
solder joint defect and detect the panel position. Firstly, histogram peaks distribution (HPD) and fractional calculus are applied for
image preprocessing. Then an ELM-based defective solder joints identification is discussed in detail. Finally, moving least square
regression (MLSR) algorithm is introduced for solar panel position determination. Experimental results and comparisons show
that the proposed ELM andMLSR based inspection method is efficient not only in detection accuracy but also in processing speed.

1. Introduction

Over the past decade, machine vision has been widely
applied in industrial inspection, especially in electric and
electronic industrial inspection [1–3]. Superior to manual
inspection, the benefit of machine vision detection is that
no direct contact is required between the inspector and the
target.Therefore, automatic nondestructive inspection can be
achieved in machine vision detection system.

Since the accuracy of traditional vision inspection
depends much on the effect and the stability of image proc-
essing technique, the traditional inspection way will lose its’
functionality when facing the changing environment or the
altered imaging condition. Therefore, not only processing
the images of industry objects but also learning the features
(shapes, positions, and orientations) from image samples is
required. Actually, with the fast development of computer
vision, recently, there have appeared some works [4, 5] for
machine learning based vision inspection.

Inmodern photovoltaic electronic industry, for the solder
joint of solar PCB is so fine, the vision based solder joint
defect identification is challenging and thus needs to be inves-
tigated in depth [6, 7]. In addition, during themanufacture of
solar panel, there is a strong demand for automatic position
determination of the solder panel [8, 9]. In this work, in the
face of the two major challenges, we present a set of defect
identification and position determination methods.

So far, Capson and Eng [10] have used a tiered-color
illumination approach for solder joint’s inspection. Mat-
suyama et al. [11] also design a system for automated solder
joint inspection. In addition, Chiu and Perng [12] utilize
the reflection area of solder joint to describe the image
features, and Tae-Hyeon et al. [13] develop a vision inspection
system for the classification of solder joint. Moreover, unlike
previous methods, Zhang and Liu in [14] propose utilizing
the principle of ELM [15] with least square fitting to achieve
vision detection on solder joint and solar panel. In this
work, we extend and improve the previous work [14] in
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Figure 1: The proposed scheme of solder joint defect detection and solar panel position determination.

three aspects: histogram peaks distribution (HPD) [16] and
fractional calculus [17–20] are adopted to improve the effect
of image preprocessing and initial edge extraction; instead of
least square fitting, MLSR is adopted to enhance the accuracy
of edge estimation of the solar panels; more vision inspection
experiments and comparisons of more solar PCB images are
implemented.

Specifically, for solder joint defect identification, we take
histogram peaks distribution (HPD) [16] withmorphological
operation to extract image features and then apply extreme
learning machine (ELM) [21–24] to classify the input images.
As for solar panel position determination, accurate edges
location is prerequisite. To achieve this, we extract the initial
edge points by a novel signal processing method, fractional
calculus [16, 22–24], and then utilizeMLSR algorithm [25, 26]
to refine initial edges. Once the final edges of solder panel are
acquired, the position parameters, position shift, deflection
angle, and edge lengths, are easily determined. The overall
proposed scheme of solder joint defect detection and solar
panel position determination is illustrated in Figure 1.

The paper is organized as follows. Section 2 discusses the
related techniques of image preprocessing and feature extrac-
tion used for defect identification and position detection.
Section 3 describes how to use ELM to recognize solder joint
defect in detail. Section 4 presents utilizing MLSR algorithm
to achieve solder panel position determination.The abundant
experimental results and comparisons are given in Section 5.
Section 6 makes a short conclusion and future research
prospective.

2. Image Preprocessing and Feature Extraction

In this section, we firstly make a detailed discussion on using
HPD and morphological operation to preprocess the images
of solder joint. And then we introduce fractional differential
to extract initial edges of solar panel. Finally, we also elaborate
on the specific feature extractionmethod used for solder joint
defect classification.

2.1. Image Preprocessing Based on HPD and Morphological
Operation. In machine vision inspection system, image pre-
processing, including noise removing, image binarization,
and edge detection, is the basic guarantee for following detec-
tion. However, due to illumination or view angle changing
and noise intervention, such image preprocessing task under
complex environment is always challenging. Fortunately, in

solar panel vision detection system, the illumination and
the view angle are under control. And imaging noise can
be suppressed in advance by camera calibration beforehand.
Thus the preprocessing effect of solar panel images can be
guaranteed.

Image thresholding is an effective technique for image
binarization. Due to the unevenness of the lighting distri-
bution, threshold finding is not simple and straightforward.
How to acquire an appropriate threshold becomes the key
issue for image binarization. Here, we take HPD [16] to find
an accurate threshold for solder panel image binarization.
HPD threshold search can handle several histogram distri-
butions, which are illustrated in Figure 2.

Morphological operation can obtain the backbone of the
image object which can unify a host of techniques such as
noise suppression, shape analysis, skeletonizing, and other
related topics [27]. After thresholding, the basic morphology
operations, dilation and erosion, are usually used to process
binary images. In addition, the other two important mor-
phological operations, closing and opening, are also typically
used after thresholding. The closing operation smooths the
contours of the image to eliminate narrow and long gaps or
remove holes or fill contours. The open operation is used to
eliminate tiny image objects or separate objects connected to
narrow areas.

For solder joint images, we firstly convert image color
space from RGB to Ycbcr. Then in 𝑌-intensity subspace, we
utilize HPD algorithm to obtain global threshold to binarize
the image. Then, we use morphological closing and opening
operations to get the final binary image. The processing
results are shown in Figure 3.

2.2. Initial Edge Extraction via Fractional Gaussian Differ-
ential. There are two different backgrounds in solder panel
images. One is red background and the other is gray back-
ground.The solar panel image under red background is used
to calculate position shift and deflection angle against the
reference position, while gray background image can be used
to extract the inner standard lines for measuring edge length
of solar panel. For preprocessing, we also perform color space
conversion and select 𝑐𝑟 subspace for red background image,
while for gray one we take 𝐺 subspace from RGB space.
Then, in these color subspaces, we all use HPD for image
binarization.

After obtaining the binary image, we extract the initial
edge of the solar panel by the new fractional calculus [17, 20].
Fractional calculus has been a powerful image enhancement
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Figure 3: Solder joint image preprocessing: (a) original image; (b) HPD image binarization; (c) final morphological processing result.

technique in recent years. By adjusting the fractional order
of the Gaussian difference, an accurate and antinoise edge
extraction effect can be obtained [16, 17].

There are three ways to define fractional calculus, namely,
the Grünwald-Letnikov (G-L) definition, the Riemann-
Liouville definition, and the Capotu definition. The G-L
definition comes from the classic definition of the calculus
from integer-order continuous function and generalizes the
integer calculus into fractional order. The G-L definition is
described as [16]

𝐺
𝑎𝐷V
𝑡𝑓 (𝑥) = lim

ℎ→0,𝑛ℎ=𝑡−𝑎
ℎ−V 𝑛∑
𝑟=0

[−V𝑟 ]𝑓 (𝑥 − 𝑟ℎ) . (1)

Thus, fractional partial differential can be defined as (V is
fractional differential order)

𝜕V𝐹 (𝑥, 𝑦)
𝜕𝑥V = 𝐹 (𝑥, 𝑦) + (−V) 𝐹 (𝑥 − 1, 𝑦)

+ (−V) (−V + 1)2 𝐹 (𝑥 − 2, 𝑦)
+ (−V) (−V + 1) (−V + 2)6 𝐹 (𝑥 − 3, 𝑦) ,

𝜕V𝐹 (𝑥, 𝑦)
𝜕𝑦V = 𝐹 (𝑥, 𝑦) + (−V) 𝐹 (𝑥, 𝑦 − 1)
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+ (−V) (−V + 1)2 𝐹 (𝑥, 𝑦 − 2)
+ (−V) (−V + 1) (−V + 2)6 𝐹 (𝑥, 𝑦 − 3) .

(2)

Based on the above two equations, if combined with
Gaussian kernel 𝑔(𝑥, 𝑦) = (1/2𝜋𝜎2)𝑒−((𝑥2+𝑦2)/2𝜎2), the frac-
tional Gaussian filtering function can be naturally deduced
as

𝐺V
𝑥 = 𝑔 (𝑥, 𝑦) [1 + (−V) 𝑒(2𝑥+1)/2𝜎2

+ (−V) (−V + 1)2 𝑒(4𝑥+4)/2𝜎2

+ (−V) (−V + 1) (−V + 2)6 𝑒(6𝑥+9)/2𝜎2] ,
𝐺V
𝑦 = 𝑔 (𝑥, 𝑦) [1 + (−V) 𝑒(2𝑦+1)/2𝜎2

+ (−V) (−V + 1)2 𝑒(4𝑦+4)/2𝜎2

+ (−V) (−V + 1) (−V + 2)6 𝑒(6𝑦+9)/2𝜎2] .

(3)

Then if we set the size of filtering window 𝑤 = 3, the
variance 𝜎 = 1, and fractional order V = 1.4, the fractional
Gaussian filtering template [19] can be acquired as Tables 1
and 2.

When the Gaussian fractional template is used to extract
the initial edge of the solar panel image, the threshold and
maximum suppression are also performed as conventional
edge detectors do but without performing neighborhood
connections. The solar panel image preprocessing results are
shown in Figures 4 and 5.

2.3. Solder Joint Image Feature Extraction. Once solder joint
image is binarized, the image features for defect identification
can be extracted. It should be noted that the extracted image
features are capable of reflecting the quality of the solder
joint; that is, the image features extracted from the good
solder point image and the defective one should be different.
According to the principle of machine vision inspection [27],
since the area and gravity of the image can indicate whether
the shape in the image is uniform or not and the anisotropy
and themoment of inertia can reflect the symmetry and over-
all distribution of the image, through (4)–(8), we calculate
the area, the gravity (𝑥𝑔, 𝑦𝑔), the anisotropy alpha, and the
moment of inertia (𝑙𝑥, 𝑙𝑦) of the binary image as the extracted
image features.

For area, this feature can count all nonzero pixels by

area = ∑
𝑖

(𝑝𝑖 == 1) . (4)

Table 1: 𝐺𝑥 fractional Gaussian template.

0.0406 0.0669 0.0406
0.0183 0.0301 0.0183
−0.0595 −0.0980 −0.0595

Table 2: 𝐺𝑦 fractional Gaussian template.

0.0406 0.0669 0.0406
0.0183 0.0301 0.0183
−0.0595 −0.0980 −0.0595

Gravity can reflect the uniformity quality of solder joint.

𝑥𝑔 = ∑(𝑖,𝑗)∈𝑆 𝑖𝐼 (𝑖, 𝑗)∑(𝑖,𝑗)∈𝑆 𝐼 (𝑖, 𝑗) = ∑(V(𝑖,𝑗)=1)∈𝑆 𝑖
sum (V (𝑖, 𝑗) == 1) ,

𝑦𝑔 = ∑(𝑖,𝑗)∈𝑆 𝑗𝐼 (𝑖, 𝑗)∑(𝑖,𝑗)∈𝑆 𝐼 (𝑖, 𝑗) = ∑(V(𝑖,𝑗)=1)∈𝑆 𝑗
sum (V (𝑖, 𝑗) == 1) .

(5)

And anisotropy reflects the symmetry quality of solder
joint. Before calculating the anisotropy, we should get the𝑝+𝑞
center moment in image region 𝑆:

𝑢𝑝,𝑞 = ∑(𝑖,𝑗)∈𝑆 (𝑖 − 𝑥𝑔)𝑝 (𝑗 − 𝑦𝑔)𝑞 𝐼 (𝑖, 𝑗)
∑(𝑖,𝑗)∈𝑆 𝐼 (𝑖, 𝑗) . (6)

Then the anisotropy can be acquired by

alpha = √2 (𝑢20 + 𝑢02 + 4𝑢211) + √(𝑢20 − 𝑢02)2
√2 (𝑢20 + 𝑢02 + 4𝑢211) − √(𝑢20 − 𝑢02)2

. (7)

Moreover, the moment of inertia can be utilized to
describe the whole imaging distribution of solder joint:

𝑙𝑥 = ∑(𝑖,𝑗)∈𝑆 𝑖2𝐼 (𝑖, 𝑗)𝑥2𝑔 ,

𝑙𝑦 = ∑(𝑖,𝑗)∈𝑆 𝑗2𝐼 (𝑖, 𝑗)𝑦2𝑔 .
(8)

These six image features [area, 𝑥𝑔, 𝑦𝑔, alpha, 𝑙𝑥, 𝑙𝑦] are
representative and can describe the quality of solder joint
at different views. Some examples of solder joint features
extraction are shown in Figure 6.

3. ELM-Based Solder Joint Defect
Detection Method

ELM is always treated as a single-hidden layer feedforward
neural network (SLFN) [21, 22]. For𝑁 labeled samples (𝑥𝑖, 𝑡𝑖),
where 𝑥𝑖 = [𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝑛]𝑇 ∈ 𝑅𝑛 and 𝑡𝑖 = [𝑡𝑖1, 𝑡𝑖2,. . . , 𝑡𝑖𝑚]𝑇 ∈ 𝑅𝑚, suppose there are �̃� hidden neurons with
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(a) (b) (c)

Figure 4: Red background solder panel image processing: (a) original image; (b) HPD thresholding; (c) initial edge extracted by fractional
Gaussian template.

(a) (b) (c)

Figure 5: Gray background solder panel image processing: (a) original image; (b) HPD thresholding; (c) initial edge extracted by fractional
Gaussian template.

Area = 450

Alpha = 1.1341

Area = 420

Alpha = 1.0824

Area = 421

Alpha = 1.0475

Figure 6: Features extraction examples. Both “∗” and “o” indicate
the gravity coordinate (𝑥𝑔, 𝑦𝑔).

activation function 𝑔(𝑥); the standard SLFN can approximate
these𝑁 samples with zero error, meaning that there exist 𝛽𝑖,𝑤𝑖, and 𝑏𝑖 such that

�̃�∑
𝑖=1

𝛽𝑖𝑔 (𝑤𝑖 ∗ 𝑥𝑗 + 𝑏𝑖) = 𝑡𝑗, 𝑗 = 1, . . . , 𝑁, (9)

where 𝑤𝑖 = [𝑤𝑖1, 𝑤𝑖2, . . . , 𝑤𝑖𝑛]𝑇 is the weight vector con-
necting the 𝑖th hidden neuron and the input neurons,

𝛽𝑖 = [𝛽𝑖1, 𝛽𝑖2, . . . , 𝛽𝑖𝑚]𝑇 is the weight vector connecting the𝑖th hidden neuron and the output neurons, and 𝑏𝑖 is the
threshold of 𝑖th hidden neuron.

Then if we use matrix form, (9) can be written in short as

𝐻𝛽 = 𝑇, (10)

where

𝐻

= [[[[
[

𝑔 (𝑤1 ∗ 𝑥1 + 𝑏1) ⋅ ⋅ ⋅ 𝑔 (𝑤�̃� ∗ 𝑥1 + 𝑏�̃�)... ⋅ ⋅ ⋅ ...
𝑔 (𝑤1 ∗ 𝑥𝑁 + 𝑏1) ⋅ ⋅ ⋅ 𝑔 (𝑤�̃� ∗ 𝑥𝑁 + 𝑏�̃�)

]]]]
]𝑁×�̃�

, (11)

𝛽 = [[[[
[

𝛽𝑇1...
𝛽𝑇
�̃�

]]]]
]�̃�×𝑚

,
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𝑇 = [[[[
[

𝑡𝑇1...
𝑡𝑇𝑁

]]]]
]𝑁×𝑚

.

(12)

𝐻 is called the hidden layer output matrix of neural
network. In ELM, the input weights and the biases are
randomly assigned, and then the output weight 𝛽 can be
approximated by

𝛽 = 𝐻+𝑇, (13)

where 𝐻+ is the Moore-Penrose generalized inverse (pseu-
doinverse) [21] of the hidden layer output matrix𝐻.

From mathematical analysis, it is easy to see that ELM
can be trained efficiently, and its prediction is fast and
robust. In practice, when we apply ELM for solder joint
defect detection, we firstly extract the mentioned features[area, 𝑥𝑔, 𝑦𝑔, alpha, 𝑙𝑥, 𝑙𝑦] from solder joint images and input
them to ELM. And the output prediction value is −1 or 1.
Here, the output “−1” indicates that the solder joint is defec-
tive, whereas the output “1” means that it is good one. Some
defect identification examples are illustrated in Figure 8.

4. MLSR Based Edge Estimation Algorithm

Accurate and robust edge estimation plays a key role in deter-
mining the position of the solar panel. Since the initial edges
extracted by fractional Gaussian differential are small line
segments with noised fluctuations, they should be properly
corrected and estimated to be a clear and accurate edge line.
Based onmoving least square regression (MLSR) [25, 26], we
improve the least square fitting used in previous work [14] for
more accurate and robust solder panel edge estimation.

If we treat the edge as a position function 𝑓(𝑥), then
the accurate edge estimation becomes the position regression
optimization problem when given initial line segments.
Through the base function expansion, the edge regression
function can be expressed as

𝑓 (𝑥) = 𝑀∑
𝑚=1

𝛼𝑚𝑝𝑚 (𝑥) = 𝑝𝑇 (𝑥) 𝛼 (𝑥) , (14)

where 𝑓(𝑥𝑖) is position regression value for certain position𝑥. 𝑝(𝑥) = [𝑝1(𝑥), 𝑝2(𝑥), . . . , 𝑝𝑀(𝑥)]𝑇 is the 𝑘-order complete
monomial basis function, 𝛼(𝑥) = [𝛼1(𝑥), 𝛼2(𝑥), . . . , 𝛼𝑀(𝑥)]𝑇
is the coefficient of the basis function, and 𝑀 is the number
of basis functions. From the point of view of moving least
square, the coefficient matrix 𝛼(𝑥) should be determined by
minimizing the weighted least square error measure 𝐽(𝑥) at𝑥. 𝐽(𝑥) can be defined as

𝐽 (𝑥) = 𝑁∑
𝑖=1

𝑤 (𝑥 − 𝑥𝑖) (𝑝𝑇 (𝑥𝑖) 𝛼 (𝑥𝑖) − 𝑓 (𝑥𝑖))2 , (15)

where 𝑥𝑖 is the discrete point to be fitted within the influence
domain of 𝑥. And 𝑤(𝑥 − 𝑥𝑖) is weight function which defines

the influence domain of 𝑥 and attributes a weight to each
discrete point depending on its position relative to 𝑥. The
weight function is positive and the value should be increased
with the decrease of the distance ‖𝑥 − 𝑥𝑖‖ between 𝑥 and 𝑥𝑖.

With the original extracted edge, we can fit an initial edge
line by randomly choosing two pixels. Then, based on the
distance to the initial edge of the rest pixels, we can determine
whether we use them to update the edge line or discard them.
The detailed MLSR algorithm is given as follows.

Step 1. Assume that the two initial edge pixels are (𝑟𝑥1, 𝑟𝑦1)
and (𝑟𝑥2, 𝑟𝑦2). Denote the initial fitted line as 𝑦0(𝑥); if 𝑥2 =𝑥1, then 𝑦0(𝑥) = 𝑥1; else 𝑦0(𝑥) = ((𝑦2 − 𝑦1)/(𝑥2 − 𝑥1))𝑥 + 𝑏0,
where 𝑏0 = 𝑦1 − 𝑥1(𝑦2 − 𝑦1)/(𝑥2 − 𝑥1).
Step 2. Compute the distance 𝑑 between a rest edge pixel and
the fitted edge line𝑦0(𝑥). If𝑑 ≤ 𝜃 (𝜃 is the distance threshold),
then the pixel can be regarded as a true edge pixel that can
be used to update 𝑦0(𝑥). Save such pixel position (𝑥𝑖, 𝑦𝑖) in a
matrix: 𝐸(:, 𝑖) = [ 𝑥𝑖𝑦𝑖 ], 𝑖 = 1, 2, . . . , 𝑛, where 𝑖 is the number of
true edge pixels.

Step 3. Repeat Step 2 until all candidate edge pixels are
processed; then we acquire the turn estimated edge pixels’
position matrix 𝐸.
Step 4. According to the matrix 𝐸, use MLSR algorithm to
update the initial edge line and acquire this turn edge line
denoted as 𝑦(𝑥).
Step 5. If the iteration turn number reaches the setting, then
exit and output the final refined edge line𝑦(𝑥); else let𝑦0(𝑥) =𝑦(𝑥) and go to Step 2 to continue.

Once the accurate edge line of solar panel is acquired,
we can calculate the position parameters position shift and
deflection angle against reference position.

5. Experimental Results and Comparisons

5.1. Solder Joint Defect Detection. In our experiments, 30 PCB
solder joint images are captured and each of them has 22
solder joints, which means that totally there are 660 solder
joints. Some solder joint examples are shown in Figure 7. For
ELM solder defect identification, we take 500 solder joints as
the training samples and the remaining 160 ones are regarded
as the testing samples.

Then we extract the six image features [area, 𝑥𝑔, 𝑦𝑔,
alpha, 𝑙𝑥, 𝑙𝑦] for each solder joint image and utilize ELM to
determine whether the solder joint is defective or not. Some
defect detection examples are shown in Figure 8.

Generally speaking, the good solder joint can be treated as
a tiny circle that means the anisotropy alpha = 1. However, in
practice, the value of alpha for good solder joint is sometimes
with small fluctuation around 1. In our experiments, if alpha ∈[1, 1.25] and area ∈ [200, 500], then the extracted region
is identified as a good solder joint; otherwise it will be a
defective solder joint or not a solder joint.

Given the training set Δ = [𝑋, 𝑇], where 𝑋 = [𝑥1,𝑥2, . . . , 𝑥𝑁], 𝑥𝑖 = [area, 𝑥𝑔, 𝑦𝑔, alpha, 𝑙𝑥, 𝑙𝑦]𝑇 ∈ 𝑅𝑛 and
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Figure 7: Some solder joint samples.

Area = 525

Alpha = 1.0452

Area = 397

Alpha = 1.0865
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Alpha = 1.1341
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Area = 413
Alpha = 1.0085

Area = 436

Alpha = 1.0681

Area = 400

Alpha = 1.0642

Area = 474

Alpha = 1.0918

Blue “o”: bad or not solder joint; red “∗”: regarded as the solder joint

Figure 8: Some defect detection examples. Red “∗” shows good
solder joint and blue “o” indicates the defect one.

𝑇 = [𝑡1, 𝑡2, . . . , 𝑡𝑚], 𝑡𝑖 ∈ {−1, 1}. The specific procedure of the
ELM solder joint defect identification is given as follows.

Step 1. Choose the activation function as 𝑔(𝑥) = exp(−(𝑥 −(−1+2𝛿))2/0.3), where 𝛿 ∈ (−1, 1), and set the hidden neuron
number as �̃�.

Step 2. Assign the inputweights𝑤𝑖 and biases 𝑏𝑖, 𝑖 = 1, . . . , �̃�,
randomly.

Step 3. Utilize the solder joint training images to train the
network; that is, calculate the hidden layer output matrix 𝐻
by (11).

Step 4. Estimate the output weight 𝛽: 𝛽 = 𝐻+𝑇 by (13).

Step 5. After training, calculate the output𝑇 by (10), and then
identify whether the input solder joint is defective or not.

For comparison, we also used our previous method [14]
and SVM classifier to do solder joint defect detection. In
our experiments, we conducted eight tests. The detection
performance and the comparison results are shown inTable 3,
and the consumption time is also shown in Table 3. As can be
seen from the table, our method’s average recognition rate is
98.6%; recognition speed is not up to 5 seconds (in Matlab
2014). Experimental results and comparison show that the
proposed ELM-based defect detection scheme is effective in
both recognition rate and processing speed.

5.2. Solar Panel Position Determination and Edge Estimation.
Before determining the position of the solar panel, we
should estimate its edge lines accurately under red and gray
backgrounds. For red background solar panel image, we
only need to acquire four external edge lines. Suppose that
there are four vertexes, (𝑟𝑥1, 𝑟𝑦1), (𝑟𝑥2, 𝑟𝑦2), (𝑟𝑥3, 𝑟𝑦3), and(𝑟𝑥4, 𝑟𝑦4); the initial edge lines can then be fitted by the four
vertexes. After using MLSR algorithm, the final edge lines
estimation result is shown in Figure 9.The corresponding line
parameters, slope and bias, are shown in Table 4. And the
result of least square fitting (LSF) method in [14] is compared
in Table 4. From the table, we can see that the position
estimated by MLSR is more accurate than that of LSF. And
we can also find that the estimated edge lines in solder image
are not actually parallel, which may be caused by imaging
distortion according to the machine vision principles [27].

For gray background solar panel image, it will need eight
vertexes to determine two inner standard lines in the middle
part and the four edge lines. Suppose that there are eight
vertexes, (𝑤𝑥1, 𝑤𝑦1), (𝑤𝑥2, 𝑤𝑦2), (𝑤𝑥3, 𝑤𝑦3), (𝑤𝑥4, 𝑤𝑦4),(𝑤𝑥5, 𝑤𝑦5), (𝑤𝑥6, 𝑤𝑦6), (𝑤𝑥7, 𝑤𝑦7), and (𝑤𝑥8, 𝑤𝑦8); after
using MLSR algorithm, the final refined edges are shown in
Figure 10. Lengths of estimated edge lines are calculated and
shown in Table 5.Thenwe can take the difference between the
actual detected edge length and the given length to determine
whether the solar panel is qualified or not. Similarly, LSF
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Table 3: Solder joint defect detect performance.

Times
SVM

Recognition rate
(%)

[14]
Recognition rate

(%)

The work
Recognition rate

(%)

SVM
Time cost (s)

[14]
Time cost (s)

The work
Time cost (s)

1 96.3 99.0 98.5 4.42 4.05 4.32
2 97.1 98.3 97.7 4.53 4.11 4.54
3 97.3 98.1 97.3 4.60 4.10 4.58
4 98.1 99.8 99.6 4.47 4.10 4.50
5 97.3 98.5 97.8 4.40 4.00 4.36
6 97.4 98.4 97.8 5.02 4.43 4.98
7 96.6 97.2 97.2 4.72 4.20 4.80
8 98.0 99.4 99.0 4.90 4.30 4.72
Average 97.3 98.6 98.1 4.63 4.16 4.60

Table 4: Comparisons of position parameters for acquired edges.

Edges Slop Bias Angle difference
MLSR LSF [14] MLSR LSF [14] MLSR LSF [14]

Top −0.1017 −0.1471 1.1775 1.6235 3.2397 3.3435
Bottom −0.1199 −0.1265 8.3395 8.3327
Left 9.9545 9.7217 −4.5644 −4.7879 5.2545 5.3326
Right 7.6886 7.3248 −56.9778 −58.174

Table 5: Length comparisons of estimated edges.

Length The numbers of image pixels Realistic lengths (mm) MSE (mm)
The proposed MLSR LSF [14] The proposed MLSR LSF [14] The proposed MLSR LSF [14]

Average top line 652.6 655.2 156.38 158.23 0.439 0.575
Average bottom line 650.1 650.5 155.78 155.39
Top two lines’ distance 164.8 166.3 39.49 41.43 N/A
Bottom two lines’ distance 161.5 160.2 38.70 39.84

Figure 9: Edge estimation result under red background.

results are also compared in Table 5. From the table, we can
see that themean square error (MSE) ofMLSR estimated lines
is less than 0.5mm. This indicates that the performance of
MLSR edge estimation is superior to previous one.

All experiments and comparisons under different back-
ground show that the proposedMLSR algorithm is efficient in
solar panel position determination and edge lines estimation.

Figure 10: Edge estimation result under gray background.

6. Conclusions

In this work, machine learning based methods for solder
joint defect detection and solar panel position determina-
tion are explored in detail. After image preprocessing, six
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representative image features are extracted and ELM clas-
sification is used for defect identification. The experiments
and comparisons show that the proposed feature extraction
andELMclassificationmethod are effective.Moreover,MLSR
algorithm is proposed to estimate the edge lines of solar panel
and then to determine the panels’ position. The practical
experiments show that the edge lines in different background
can be robustly estimated. And then the position parameters
can be accurately determined.

In the future, our further study will focus on using
deep learning features for solder joint defect detection and
developingmore robust regression algorithm to overcome the
influence of image distortion.
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Today, more and more people have benefited from the speaker recognition. However, the accuracy of speaker recognition often
drops off rapidly because of the low-quality speech and noise. This paper proposed a new speaker recognition model based on
wavelet packet entropy (WPE), i-vector, and cosine distance scoring (CDS). In the proposed model, WPE transforms the speeches
into short-term spectrum feature vectors (short vectors) and resists the noise. I-vector is generated from those short vectors and
characterizes speech to improve the recognition accuracy. CDS fast compares with the difference between two i-vectors to give out
the recognition result. The proposed model is evaluated by TIMIT speech database. The results of the experiments show that the
proposed model can obtain good performance in clear and noisy environment and be insensitive to the low-quality speech, but the
time cost of the model is high. To reduce the time cost, the parallel computation is used.

1. Introduction

Speaker recognition refers to recognizing the unknown per-
sons from their voices. With the use of speech as a biometric
in access system, more and more ordinary persons have ben-
efited from this technology [1]. An example is the automatic
speech-based access system. Compared with the conven-
tional password-based system, this system ismore suitable for
old people whose eyes cannot see clearly and figures are
clumsy.

With the development of phone-based service, the speech
used for recognition is usually recorded by phone. However,
the quality of phone speech is low for recognition because the
sampling rate of the phone speech is only 8KHz. Moreover,
the ambient noise and channel noise cannot be completely
removed. Therefore, it is necessary to find a speaker recogni-
tion model that is not sensitive to those factors such as noise
and low-quality speech.

In a speaker recognition model, the speech is firstly
transformed into one or many feature vectors that represent
unique information for a particular speaker irrespective of
the speech content [2].Themost widely used feature vector is
the short vector, because it is easy to compute and yield good

performance [3]. Usually, the short vector is extracted by
Mel frequency cepstral coefficient (MFCC) method [4]. This
method can represent the speech spectrum in compacted
form, but the extracted short vector represents only the static
information of the speech. To represent the dynamic infor-
mation, the Fused MFCC (FMFCC) method [5] is proposed.
This method calculates not only the cepstral coefficients but
also the delta derivatives, so the short vector extracted by this
method can represent both the static and dynamic informa-
tion.

Both of the two methods use discrete Fourier transform
(DFT) to obtain the frequency spectrum. DFT decomposes
the signal into a global frequency domain. If a part of
frequency is destroyed by noise, the whole spectrum will be
strongly interfered [6]. In other words, theDFT-based extrac-
tion methods, such as MFCC and FMFCC, are insensitive to
the noise. Wavelet packet transform (WPT) [7] is other type
of tool used to obtain the frequency spectrum. Compared
with the DFT, WPT decomposes the speech into many small
frequency bands that are independent of each other. Because
of those independent bands, the ill effect of noise cannot be
transmitted over the whole spectrum. In other words, WPT
has antinoise ability. Based on WPT, wavelet packet entropy
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(WPE) [8] method is proposed to extract the short vector.
References [8–11] have shown that the short vector extracted
by WPE is insensitive to noise.

I-vector is another type of feature vector. It is a robust way
to represent a speech using a single high-dimension vector
and it is generated by the short vectors. I-vector considers
both of the speaker-dependent and background information,
so it usually leads to good accuracy. References [12–14] have
used it to enhance the performance of speaker recognition
model. Specially, [15] uses the i-vector to improve the dis-
crimination of the low-quality speech. Usually, the i-vector
is generated from the short vectors extracted by the MFCC
or FMFCCmethods, but we employ theWPE to extract those
short vectors, because theWPEcan resist the ill effect of noise.

Once the speeches are transformed into the feature
vectors, a classifier is used to recognize the identity of speaker
based on those feature vectors. Gaussian mixture model
(GMM) is a conventional classifier. Because it is fast and
simple, GMM has been widely used for speaker recognition
[4, 16]. However, if the dimension of the feature vector is
high, the curse of dimensionwill destroy this classifier.Unfor-
tunately, i-vector is high-dimensional vector compared with
the short vector. Cosine distance scoring (CDS) is another
type of classifier used for the speaker recognition [17]. This
classifier uses a kernel function to deal with the problem of
high-dimension vector, so it is suitable for the i-vector. In this
paper, we employ the CDS for speaker classification.

The main work of this paper is to propose a new speaker
recognition model by using the wavelet packet entropy
(WPE), i-vector, and cosine distance scoring (CDS). WPE is
used to extract the short vectors from speeches, because it
is robust against the noise. I-vector is generated from those
short vectors. It is used to characterize the speeches used for
recognition to improve the discrimination of the low-quality
speech. CDS is very suitable for high-dimension vector such
as i-vector, because it uses a kernel function to deal with the
curse of dimension. To improve the discrimination of the i-
vector, linear discriminant analysis (LDA) and the covariance
normalization (WCNN) are added to the CDS. Our proposed
model is evaluated by TIMIT database. The result of the
experiments show that the proposed model can deal with the
low-quality speech problem and resist the ill effect of noise.
However, the time cost of the new model is high, because
extractingWPE is time-consuming.This paper calculates the
WPE in a parallel way to reduce the time cost.

The rest of this paper is organized as follows. In Section 2,
we describe the conventional speaker recognition model. In
Section 3, the speaker recognition model based on i-vector
is described. We propose a new speaker recognition model
in Section 4, and the performance of the proposed model is
reported in Section 5. Finally, we give out a conclusion in
Section 6.

2. The Conventional Speaker
Recognition Model

Conventional speaker recognition model can be divided
into two parts such as short vector extraction and speaker

classification. The short vector extraction transforms the
speech into the short vectors and the speaker classification
uses a classifier to give out the recognition result based on the
short vectors.

2.1. Short Vector Extraction. Mel frequency cepstral coef-
ficient (MFCC) method is the conventional short vector
extraction algorithm. This method firstly decomposes the
speech into 20–30ms speech frames. For each frame, the
cepstral coefficient can be calculated as follows [18]:

(1) Take DFT of the frame to obtain the frequency
spectrum.

(2) Map the power of the spectrum onto Mel scale using
the Mel filter bank.

(3) Calculate the logarithm value of the power spectrum
mapped on the Mel scale.

(4) Take DCT of logarithmic power spectrum to obtain
the cepstral coefficient.

Usually, the lower 13-14 coefficients are used to form the short
vector. Fused MFCC (FMFCC) method is the extension of
MFCC. Compared with MFCC, it further calculates the delta
derivatives to represent the dynamic information of speech.
The derivatives are defined as follows [5]:

𝑑𝑖 =
∑2𝑝=1 𝑝 (𝑐𝑐𝑖−𝑝 + 𝑐𝑐𝑖+𝑝)

2 ∑2𝑝=1 𝑝2
,

𝑑𝑑𝑖 =
∑2𝑝=1 𝑝 (𝑑𝑖−𝑝 + 𝑑𝑖+𝑝)

2 ∑2𝑝=1 𝑝2
;

𝑖 = 1, 2, 3, . . . ,

(1)

where 𝑐𝑐𝑖 is the 𝑖th cepstral coefficient obtained by theMFCC
method and 𝑝 is the offset. 𝑑𝑖 is the 𝑖th delta coefficient
and 𝑑𝑑𝑖 is the 𝑖th delta-delta coefficient. If the short vector
extracted byMFCC is denoted as [𝑐𝑐1, 𝑐𝑐2, 𝑐𝑐3, . . . , 𝑐𝑐𝐼]𝑇, then
the short vector extracted by FMFCC is denoted as [𝑐𝑐1, 𝑐𝑐2,
𝑐𝑐3, . . . , 𝑐𝑐𝐼; 𝑑1, 𝑑2, . . . , 𝑑𝐼; 𝑑𝑑1, 𝑑𝑑2, . . . , 𝑑𝑑𝐼]𝑇.

2.2. Speaker Classification. Gaussian mixture model (GMM)
is a conventional classifier. It is defined as

𝑝 (x) =
𝑀

∑
𝑚=1

𝛼𝑚𝐺 (x;𝜇𝑚,Σ𝑚) , (2)

where x is a short vector extracted from an unknown speech.
𝐺(x;𝜇𝑚,Σ𝑚) is the 𝑚th Gaussian function in GMM, where
𝜇𝑚,Σ𝑚 are its mean vector and variance matrix, respectively.
𝛼𝑚 is the combination weight of the Gaussian function and
satisfies∑𝑀𝑚=1 𝛼𝑚 = 1.𝑀 is the mixture number of the GMM.
All of the parameters, such as weights, mean vectors, and
variancematrices, are estimated by the famous EM algorithm
[19] using the speech samples of a known speaker. In other
words, 𝑝(x) represents the characteristic of the known
speaker’s voice, so we use 𝑝(x) to recognize the author of
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the unknown speeches. Assume that an unknown speech is
denoted by Y = {y1, y2, . . . , y𝑁}, where y𝑖 represents the
𝑖th short vector extracted from Y. Also, assume that the
parameters of 𝑝(x) are estimated using the speech samples
of a known speaker 𝑠. The result of recognition is defined as

𝑟 = 1
𝑁
𝑁

∑
𝑖=1

log [𝑝 (y𝑖)] + 𝜃, (3)

where 𝜃 > 0 is the decision threshold and should be adjusted
beforehand to obtain the best recognition performance. If
𝑟 ≤ 0, then the GMMdecides that the author of the unknown
speech is not the known speaker 𝑠; if the 𝑟 > 0, then theGMM
decides that the unknown speech is spoken by the speaker 𝑠.

3. The Speaker Recognition Model
Using I-Vector

The speaker recognition model using i-vector can be decom-
posed into three parts such as short vector extraction, i-
vector extraction, and speaker classification. Figure 1 shows
the structure of the model.

There are three types of speeches used for this model.
Background speeches contains thousands of speeches spoken
by lots of people, the known speeches are the speech samples
of known speakers, and the unknown speeches are spoken by
the speaker to be recognized. In the short vector extraction,
all of the speeches are transformed into the short vectors by
a feature extraction method. In the i-vector extraction, the
background short vectors are used to train the background
model. The background model is usually represented by a
GMMwith 2048 mixtures, and all covariance matrices of the
GMM are assumed the same for easy computation. Based
on the background model, the known and unknown short
vectors are used to extract the known and unknown i-vectors,
respectively. Note that one i-vector refers to only one speech.
In the speaker classification, a classifier is used to match the

known i-vector with the unknown i-vector and give out the
recognition result.

4. The Proposed Speaker Recognition Model

The accuracy of recognition system usually drops off rapidly
because of the low-quality speech and noise. To deal with
the problem, we propose a new speaker recognition model
based on wavelet packet entropy (WPE), i-vector, and cosine
distance scoring (CDS). In Section 4.1, we describe the WPE
method and use it to extract the short vector. Section 4.2
describes how to extract the i-vector using the above short
vectors. Finally, the details of CDS are described in Sec-
tion 4.3.

4.1. Short Vector Extraction. This paper uses WPE to extract
the short vector. The WPE is based on the wavelet packet
transform (WPT) [20], so the WPT is firstly described. WPT
is a local signal processing approach that is used to obtain
the frequency spectrum. It decomposes the speech intomany
local frequency bands at multiple levels and obtains the
frequency spectrum based on the bands. For the discrete
signal such as digital speech, WPT is usually implemented by
the famousMallat fast algorithm [21]. In the algorithm,WPT
is realized by a low-pass filter and a high-pass filter, which are
generated by the mother wavelet and the corresponding scale
function, respectively. Through the two filters, the speech
is iteratively decomposed into a low-frequency and a high-
frequency components. We can use a full binary tree to
describe the process of WPT. The three structures are shown
in Figure 2.

In Figure 2, root is the speech to be analyzed. Each
nonroot node represents a component. The left child is the
low-frequency component of its parent and the right child is
the high-frequency component of its parent. The left branch
and the right branch are the low-pass and high-pass filtering
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processes followed by 2 : 1 downsampling, respectively. The
filtering processes are defined as

W2𝑘𝑗+1 (𝑛) = W𝑘𝑗 ∗ h (2𝑛) ,

W2𝑘+1𝑗+1 (𝑛) = W𝑘𝑗 ∗ g (2𝑛) ;

0 ≤ 𝑘 ≤ 2𝑗, 0 ≤ 𝑗 ≤ 𝐽, 0 ≤ 𝑛 ≤ 𝑁𝑗,

(4)

where h and g are the low-pass and high-pass filter, respec-
tively. 𝑁𝑗 is the length of the frequency component at level
𝑗. ∗ is the convolution operation. 𝐽 is the total number
of the decomposition levels. Because the WPT satisfies the
conservation of energy, each leaf node denotes the spectrum
of the frequency bands obtained byWPT. Based on theWPT,
the wavelet packet entropy (WPE) method is proposed to
extract the short vector and we add a normalization step into
themethod to reduce the ill effect of the volume in this paper.
The flow chart ofWPEused in this paper is shown in Figure 3.

Assume that there is a digital speech signal that has finite
energy and length. It is firstly decomposed into 20ms frames,
and then each frame is normalized. The normalization
process is defined as

𝑓 [𝑚] = 𝑓 [𝑚] − 𝜇
𝜎 ; 𝑖 = 1, 2, 3, . . . , 𝑀, (5)

where 𝑓 is a signal frame and 𝑀 is its length. 𝜇 is the
mean value of the frame and 𝜎 is its standard variance. 𝑓 is
the normalized frame. After the normalization process, the
WPT decomposes the frame at 4 levels using (4). Therefore,
we finally obtain 16 frequency bands, and the frequency
spectrums in those bands are denoted as 𝑊04 , 𝑊14 , . . . , 𝑊154 ,
respectively. For each spectrum, the Shannon entropy is
calculated. The Shannon entropy is denoted as

𝑠𝑘 = −
𝑁

∑
𝑛=1

𝑝𝑘,𝑛 log (𝑝𝑘,𝑛) ; 𝑘 = 0, 2, 3, . . . , 7 (6)

with

𝑝𝑘,𝑛 =
𝑊
𝑘
4 (𝑛)
2

𝑒𝑘
,

𝑒𝑘 =
𝑁

∑
𝑛=1

𝑊
𝑘
4 (𝑛)
2 ,

(7)

where 𝑒𝑘 is the energy of the 𝑘th spectrum. 𝑝𝑘,𝑛 is the energy
distribution of the 𝑘th spectrum. 𝑁 is the length of each
frequency spectrum. Finally, all of Shannon entropies of all
spectrums are calculated and are collected to form a feature
vector that is denoted as [𝑠0, 𝑠1, . . . , 𝑠7]𝑇.

4.2. I-Vector Extraction. I-vector is a robust feature vector
that represents a speech using a single high-dimension vector.
Because it considers the background information, i-vector
usually improves the accuracy of recognition [22]. Assume
that there is a set of speeches. Those speeches are supplied
by different speakers and the all speeches are transformed
into the short vectors. In the i-vector theory, the speaker- and
channel-dependent feature vector is assumed as

m = m + Tw (U) , (8)

where m is the speaker- and channel-dependent feature
vector.m is the background factor. Usually, it is generated by
stacking the mean vectors of a background model. Assume
that the mean vectors of the background model are denoted
by 𝜇𝑇1 ,𝜇𝑇2 , . . . ,𝜇𝑇𝑁, where each mean vector is a row vector.
m is denoted by [𝜇1,𝜇2, . . . ,𝜇𝑁]𝑇. T is named the total
variability matrix and represents a space that contains the
speaker- and channel-dependent information. w(U) is a
random vector having standard normal distribution 𝑁(0, 1).
The i-vector is the expectation of the w(U). U is a set of
speeches and all of speeches are transformed into the short
vectors. Assume that a background model is given, and Σ is
initialized by covariance matrix of the background model. T
and w(U) are initialized randomly. T and w(U) are estimated
by an iteratively process described as follows:
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(1) E-step: for each speech in the set U, calculate the
parameters of the posterior distribution ofw(U)using
the current estimates of T, Σ, andm.

(2) M-step: updateT andΣ by a linear regression inwhich
w(U)s play the role of explanatory variables.

(3) Iterate until the expectation of the w(U) is stable.
The details of the estimation processes of T and w(U) are
described in [23].

4.3. Speaker Classification. Cosine distance scoring (CDS)
is used as the classifier in our proposed model. It uses
a kernel function to deal with the curse of dimension,
so CDS is very suitable for the i-vector. To describe this
classifier easily, we take a two-classification task, for example.
Assume that there are two speakers denoted as 𝑠1 and 𝑠2.
The two speakers, respectively, speak 𝑁1 and 𝑁2 speeches.
All speeches are represented by i-vectors and are denoted by
𝑋1 = {x11, x12, . . . , x1𝑁1} and 𝑋2 = {x21, x22, . . . , x2𝑁2}, where x

𝑖
𝑗

is i-vector representing the 𝑗th speech sample of the speaker
si. We also assume there is an unknown speech represented
by i-vector y. The purpose of the classifier is to match the
unknown i-vector with the known i-vectors and determine
which one speaks the unknown speech. the result of the
recognition is defined as

𝐷𝑖 (y) = 1
𝑁𝑖

𝑁𝑖

∑
𝑛=1

𝐾 (x𝑖𝑛, y) + 𝜃; 𝑖 = 1, 2, (9)

where Ni is the total number of speeches supported by the
speaker si. 𝜃 is the decision threshold. If Di(y) ≤ 0, the
unknown speeches are not spoken by the known speaker si;
if Di(y) > 0, then author of the unknown speeches is the
speaker si. 𝐾(⋅, ⋅) is the cosine kernel and is defined as

𝐾 (x, y) = xy𝑇

√xx𝑇√yy𝑇
, (10)

where x is the known i-vector and y is the unknown i-
vector. Usually, the linear discriminant analysis (LDA) and
within class covariance normalization (WCCN) are used to
implement the discrimination of the i-vector. Therefore, the
kernel function is rewritten as

𝐾 (x, y) =
(A𝑇x)W−1 (A𝑇y)

√(A𝑇x)W−1 (A𝑇x)√(A𝑇y)W−1 (A𝑇y)
, (11)

where A is the LDA projection matrix and W is WCCN
matrix. A and W are estimated by using all of the i-vectors
and the details of LAD and WCCN are described in [24].

5. Experiment and Results

In this section, we report the outcome of our experiments.
In Section 5.1, we describe the experimental dataset. In
Section 5.2, we carry on an experiment to select the optimal
mother wavelet for the WPE algorithm. In Section 5.3, we
evaluate the recognition accuracy of our model. In Sec-
tion 5.4, we evaluate the performance of the proposedmodel.
Finally, the time cost of the model is count in Section 5.5.

5.1. Experimental Dataset. The results of our experiments
are performed on the TIMIT speech database [25]. This
database contains 630 speakers (192 females and 438 males)
who come from 8 different English dialect regions. Each
speaker supplies ten speech samples that are sampled at
16 KHz and last 5 seconds. All female speeches are used
to obtain background models that represent the common
characteristic of the female voice. Also, all male speeches are
used to generate another background model characterizing
the male voice. 384 speakers (192 females and 192 males) are
randomly selected and their speeches are used as the known
and unknown speeches. The test results presented in our
experiments are collected on a computer with 2.5GHz Intel
Core i5 CPU and 8GM of memory and the experimental
platform is MATLAB R2012b.

5.2. Optimal Mother Wavelet. A good mother wavelet can
improve the performance of the WPE algorithm.The perfor-
mance of a mother wavelet is based on two important ele-
ments such as the support size and the number of vanishing
moments. If a mother wavelet has large number of vanish
moments, the WPE would ignore much of unimportant
information; if the mother wavelet has small support size,
theWPEwould accurately locate important information [26].
Therefore, an optimal mother wavelet should have a large
number of vanishing moments and a small support size.
In this view, the Daubechies and Symlet wavelets are good
wavelets, because they have the largest number of vanishing
moments for a given support size. Moreover, those wavelets
are orthogonal and are suitable for the Mallat fast algorithm.

In is paper, we use the Energy-to-Shannon Entropy Ratio
(ESER) to evaluate those Daubechies and Symlet wavelets
to find out the best one. ESER is a way to analyze the
performance of mother wavelet and has been employed to
select the best mother wavelet in [27]. The ESER is defined
as

𝑟 = 𝐸
𝑆 , (12)

where 𝑆 is the Shannon entropy of the spectrum obtained by
WPT and 𝐸 was the energy of the spectrum.The high energy
means the spectrum obtained by WPT contained much
enough information of the speech. The low entropy means
that the information in the spectrum is stable. Therefore,
the optimal mother wavelet should maximize the energy and
meanwhile minimize the entropy.

In this experiment, 8 Daubechies and 8 Symlet wavelets,
which are, respectively, denoted as db1–8 and sym1–8, are
employed to decompose speeches that are randomly selected
from the TIMIT database. We run the experiment 100 times
and record the average WSER of those mother wavelets in
Table 1.

In Table 1, We find that db4 and sym6 obtain the highest
ESER. In other words, the db4 and sysm6 are the best
mother wavelets for the speech data. Reference [28] suggests
that the sym6 can improve the performance of the speaker
recognitionmodel.However, the Symletwavelets produce the
complex coefficients whose imaginary parts are redundant
for the real signal such as digital speech, so we abandon the
sym6 and choose the db4.
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Table 1: The average WSER of the mother wavelets.

Mother wavelet ESER
db1 888.37
db2 890.32
db3 897.44
db4 908.49
db5 901.41
db6 896.53
db7 891.69
db8 890.84
sym1 888.35
sym2 890.36
sym3 894.93
sym4 899.75
sym5 903.82
sym6 908.59
sym7 902.44
sym8 898.37

5.3. The Accuracy of Speaker Recognition Model in Clear
Environment. This experiment evaluates the accuracy of the
speaker recognition model. We randomly select 384 speakers
(192 females and 192males). For each speaker, half of speeches
are used as the unknown speech and the other half of speeches
are used as the known speeches. For each speaker, the speaker
recognition model matches the his/her unknown speeches
with all of the known speeches of the 384 speakers and
determines who speaks the unknown speeches. If the result
is right, the model obtains one score; if the result is wrong,
the model gets zero score. Finally, we count the score and
calculate the mean accuracy that is defined as

accuray = score
384 × 100%. (13)

In this experiment, we use four types of speaker recog-
nition models for comparison. The first one is the MFCC-
GMM model [4]. This model uses MFCC method to extract
14D short vectors and uses the GMM with 8 mixtures to
recognize speaker based on those short vectors. The second
one is FMFCC-GMMmodel [16]. This model is very similar
to the MFCC-GMM model, but it uses the FMFCC method
to extract the 52D short vectors. The third one is the WPE-
GMM model [10]. This model firstly uses WPE to transform
the speeches into 16D short vectors and then uses GMM
for speaker classification. The last one was the WPE-I-CDS
model proposed in this paper. Compared with WPE-GMM
model, ourmodel uses the 16D short vectors to generate 400D
i-vector and uses CDS to recognize speaker based on the i-
vector. We carry on each experiment in this section 25 times
to obtain the mean accuracy.Themean accuracy of the above
4 models is shown in Figure 4.

In Figure 4, we find that MFCC-GMM obtains the lowest
accuracy of 88.46%. The result of [4] shows the MFCC-
GMM model can obtain accuracy of higher than 90%. This
is because we use the GMM with 8 mixtures as the classifier,
but [4] uses the GMMwith 32mixtures as the classifier. Large

8KHz speech
16KHz speech

W
PE

-I-
CD

S

W
PE

-G
M

M

M
FC

C-
G

M
M

FM
FC

C-
G

M
M

Speaker recognition models

0
10
20
30
40
50
60
70
80
90

100

A
cc

ur
ac

y 
(%

)
Figure 4: The mean accuracy of 4 models in clean environment.

mixture number can improve the performance of the GMM,
but it also causes the very high computational expense.WPE-
I-CDS obtain the highest accuracy of 94.36%.This interprets
the achievements of i-vector theory. On the other hand,
when the 8KHz speeches (low-quality speeches) are used,
all accuracy of speaker recognition models is decreased. The
accuracy of MFCC-GMM, FMFCC-GMM, andWPE-GMM
decrease by about 6%. Comparatively, the accuracy of WPE-
I-CDS decreases by about 1%. This is because the i-vector
considers the i-vector to improve the accuracy of the speaker
recognition model, and the CDS used the LDA and WCCN
to improve the discrimination of the i-vector. Reference [29]
also reports that the combination of the i-vector and the CDS
can enhance the performance of speaker recognition model
used for low-quality speeches such as phone speeches.

5.4. The Accuracy of Speaker Recognition Model in Noisy
Environment. It is hard to find a clean speech in the real
applications, because the noise in the transmission channel
and environment cannot be controlled. In this experiment,
we add 30 dB, 20 dB, and 10 dB Gaussian white noise into
the speeches to simulate the noisy speeches. All noises are
generated by the MATLAB’s Gaussian white noise function.

For comparison, this experiment employed three i-vector
basedmodels such asMFCC-I-CDS [30], FMFCC-I-CD [31],
and our WPE-I-CDS. The two models are very similar to
our proposed model, but they use the MFCC and FMFCC
to extract the short vectors, respectively. The accuracy of the
3 models in noisy environment is shown in Figure 5.

In Figure 5, the three models obtained high accuracy
in clean environment. This also shows that the i-vector can
improve the recognition accuracy effectively. However, when
weuse the noisy speeches to test the 3models, their accuracies
decrease. When 30 dB noise is added to the speeches, the
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Figure 5: The accuracy of the 3 models in noisy environment.

accuracy of the three models decreases by about 4%. This
shows that all of the models can resist weak noise. However,
when we enhance the power of noise, the accuracy ofMFCC-
I-CDS and FMFCC-I-CDS drops off rapidly. In particular,
when the noise increases into 10 dB, the accuracy of the above
two models decreases by more than 30%. Comparatively, the
WPE-I-CDS’s accuracy decreases by less than 12%. Those
show that the WPE-I-CDS is robust in noisy environment
compared with MFCC-I-CDS and FMFCC-I-CDS. This is
because the WPE uses the WPT to obtain the frequency
spectrum but MFCC and FMFCC use the DFT to do that.
The WPT decomposes the speech into many local frequency
bands that can limit the ill effect of noise, but the DFT
decomposes the speech into a global frequency domain that
is sensitive to the noise.

5.5. The Performance of the Speaker Recognition Model.
Usually, the speaker recognition model is used in the access
control system.Therefore, a good speaker recognition model
should have ability to accept the login of the correct people
and meanwhile to reject the access of the imposter, as a
gatekeeper does. In this experiment, we use the receiver
operating characteristic (ROC) curve to evaluate the ability of
ourmodel.TheROC curve shows the true positive rate (TPR)
as a function of the false positive rate (FPR) for different
values of the decision threshold and has been employed in
[2].

In this experiment, we randomly select 384 speakers (192
males and 192 females) to calculate the ROC curve. Half of
those speakers are used as the correct people and another
half of the speakers are used as the imposters. We firstly
use the speeches of the correct people to test the speaker
recognition model to calculate the TPR, and then we use the
speeches of the imposters to attack the speaker recognition
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Figure 6: The ROC curves of TPR versus FPR.

model to calculate the FPR. The 4 models, such as MFCC-
GMM, FMFCC-GMM, WPE-GMM, and our WPE-I-CDS,
are used for comparison. To plot the ROC curve, we adjusted
the decision thresholds to obtain different ROC points. The
ROC curves of those 4 models were shown in Figure 6.

Low FPR shows that the speaker recognition model can
effectively resist the attack coming from the imposters, and
high TPR shows that the speaker recognition model can
accurately accept the correct speakers’ login. In other words,
a speaker recognition model can be useful if its TPR is high
for a low FPR. In Figure 6, when FPR is higher than 0.45, all
models obtain the high TPR, but WPE-I-CDS obtain higher
TPR than other 3 models for a given FPR that is less than 4.5.
This shows that theWPE-I-CDS can more effectively achieve
the access control task than other models.

5.6. Time Cost. This section tests the time cost of the
fast MFCC-GMM, the conventional MFCC-I-CDS, and our
WPE-I-CDS. We used 200 5-second-long speeches to test
each model and calculated the average time cost. The result
of this experiment was shown in Table 2.

In Table 2,MFCC-GMMdoes not employ the i-vector for
speech representation, so it does not cost time to extract the
i-vector. Comparatively, the WPE-I-CDS should cost time to
extract the i-vector. The WPE-I-CDS cost the most time to
extract the short vector compared with the MFCC-GMM.
This is because the WPT used by WPE is more complex
than the DFT used by the MFCC. On the other hand, the
parameters of GMM should be estimated beforehand, as
MFCC-GMM cost time to train the classifier. CDS needs not
cost time to estimate the parameters, but it should cost time to
estimate the matrices of the LDA andWCNN in the training
classifier step. In all, the i-vector can improve the recognition
accuracy at cost of increasing the time consumption and
calculating the WPE costs too much time compared with
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Table 2: The time cost of the different speaker recognition models.

Speaker recognition model Feature extraction (s/speech) Speaker classification (s/speech)
Short vector extraction I-vector extraction Training classifier Recognition

MFCC-GMM 0.46 — 1.92 0.64
MFCC-I-CDS 0.45 2.37 1.81 0.73
WPE-I-CDS 2.81 2.24 1.82 0.75
WPE-I-CDS
(parallel computation) 0.78 2.23 1.82 0.74

calculating the MFCC.Therefore, it is very important to find
way to reduce the time cost of the WPE.

Parallel computation is an effective way to reduce the
time cost, because the loops in the linear computation can
be finished at once using a parallel algorithm. For example,
a signal, whose length is 𝑁, is decomposed by WPT at
𝑀 levels. In the conventional linear algorithm of WPT, we
have to run a filtering process whose time complexity was
𝑂(log𝑁) 𝑀 × 𝑁 times for each decomposition level, so
the total time cost of WPT is 𝑂(𝑀𝑁 log𝑁). If we used 𝑁
independent computational cores to implant theWPTusing a
parallel algorithm, the time complexity ofWPT can reduce to
𝑂(𝑀 log𝑁). This paper uses 16 independent computational
cores to implement the WPE parallel algorithm, and the last
line of Table 2 shows that the time cost of WPE is reduced
very much.

6. Conclusions

With the development of the computer technique, the speaker
recognition has been widely used for speech-based access
system. In the real environment, the quality of the speech
may be low and noise in the transformation channel cannot
be controlled. Therefore, it is necessary to find a speaker
recognition model that is not sensitive to those factors such
as noise and low-quality speech.

This paper proposes a new speaker recognition model
by employing wavelet packet entropy (WPE), i-vector, and
CDS, and we name themodelWPE-I-CDS.WPE used a local
analysis tool namedWPT rather than the DFT to decompose
the signal. Because WPT decomposes the signal into many
independent frequency bands that limit the ill effect of noise,
theWPE is robust in the noisy environment. I-vector is a type
of robust feature vector. Because it considers the background
information, i-vector can improve the accuracy of recogni-
tion. CDS uses a kernel function to deal with the curse of
dimension, so it is suitable for the high-dimension feature
vector such as i-vector. The result of the experiments in this
paper shows that the proposed speaker recognition models
can improve the performance of recognition compared with
the conventional models such as MFCC-GMM, FMFCC-
GMM, and WPE-GMM in clean environment. Moreover,
theWPE-I-CDS obtains higher accuracy than other i-vector-
based models such as MFCC-I-CDS and FMFCC-I-CDS in
noisy environment. However, the time cost of the proposed
model is very higher. To reduce the time cost, we employ
the parallel algorithm to implement the WPE and i-vector
extraction methods.

In the future, we will combine audio and visual feature to
improve the performance of the speaker recognition system.
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