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Abstract

The Kalman filter algorithm and its variants have been widely applied to the multi-
sensor data fusion problems to provide joint state estimation, which is more accurate
than estimations from individual sensors. The performance of the Kalman filter based
fusion relies on the accuracy of the models as well as process noise statistics. Devi-
ations from correct system models and violations of noise assumptions may lead to
unsatisfied sensor fusion results and even divergence. Two types of measurements
are typically utilized to estimate process quality variables. One is frequent measure-
ments, which are available at a fast and regular sampling rate, but suffer from lower
accuracy and higher measurement noises. The other type is infrequent measurements
that are available at a slower sampling rate. The infrequent measurements, such as
lab analysis results, have less availability but higher accuracy, and are usually used as
references to improve state estimation. The objective of this thesis is to develop new
multirate sensor data fusion algorithms that can compensate for model inaccuracies
and violations of noise assumption to improve the online sensor fusion performance.
To fulfill this objective, a dual neural extended Kalman filter (DNEKF) algorithm is
proposed by employing two neural networks to improve state estimation and output
predictions. Using both frequent and infrequent measurements enables the DNEKF
to provide more reliable training for the neural networks and hence to provide more
robust and reliable sensor fusion results.

Additionally, infrequent measurements are usually subject to irregular sampling
rate and time-varying time delays. To address these problems while preserving the

estimation accuracy, a fusion method that fuses frequent DNEKF estimates with
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infrequent estimates from the state model compensation NEKF (SNEKF) is proposed.
In this approach, frequent and infrequent estimates are fused in the fusion center when
the delayed infrequent measurements arrive. The weights and biases of the state
model compensation neural network (SNN) are shared between the two synchronized
estimation processes.

In the primary separation cell (PSC) used for oil sands bitumen extraction, the in-
terface level estimation is based on various sensors. Image processing based computer
vision system, which uses a camera to capture sight glass vision frames, is considered
to be the most accurate among these sensors. Although the accuracy of computer
vision interface level estimation is high, its qualities are influenced by abnormalities,
such as vision blocking, stains, and level transition between sight glasses. Under such
abnormal scenarios, a sensor fusion strategy, which adaptively updates the fusion
parameters, is proposed and integrated with the image processing based computer
vision system.

The performance of the proposed fault-tolerant multirate sensor fusion algorithms
is demonstrated using numerical examples and case studies with industrial process
data. The factory acceptance test (FAT) was conducted for the sensor fusion and
computer vision integrated system in the computer process control (CPC) industrial
research chair (IRC) lab under industrial environmental conditions and it demon-

strated the improved estimation accuracy under various process abnormalities.
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Chapter 1

Introduction

1.1 Motivation

Multisensor data fusion techniques are widely applied in process industry to improve
reliability, robustness, and integrity of quality variable estimation. The extended
Kalman filter (EKF) is a commonly used technique to perform sensor fusion. How-
ever, accuracy of the EKF fusion might be degraded by low-quality state and output
models. The model deficiencies need to be compensated during the online estimation
processes to prevent the errors from being accumulated, leading to unsatisfactory
fusion performance. Furthermore, even though the EKF algorithm handles process
randomness effectively, it assumes that in its state space formulation, process states
and measurements are contaminated by white noises, so that colored noises can lead
to poor estimation accuracy and even divergence of the EKF estimates. Model in-
accuracies and deviations from noise assumption are difficult to model. Therefore,
data-driven models, such as artificial neural network, have been applied to describe
complex nonlinear relationships [1]. As an example, the neural EKF (NEKF) [2] was
proposed to utilize a neural network to improve the state prediction, and the neu-
ral network parameters were estimated through the EKF. However, the NEKF only
compensates either state or output model deficiency but not both, and are limited to
single-rate samplings.

Generally, two types of measurements are commonly utilized in industrial pro-



cesses. Frequent measurements, which are available at a fast and regular sampling
rate, usually have lower accuracy and larger noise. Infrequent measurements, which
are expensive and time-consuming to collect, typically have higher accuracy and
smaller noise. When performing the EKF based multirate sensor fusion, effective
compensation of model inaccuracies and violations of noise assumption during online
implementation can help achieve more robust and reliable state estimation. Usually,
the infrequent measurements are subject to irregular sampling rate and time-varying
time delays, which need to be considered while performing multirate sensor fusion.

In the oil sands extraction process, the primary separation cell (PSC) is used to
separate bitumen from oil sands slurry. The interface level between froth and mid-
dlings layers inside the PSC is a critical control variable related to bitumen recovery.
Different types of sensors are utilized to measure this quality variable. Generally,
among all the sensors, the image processing based computer vision system, which
uses a camera to capture sight glass visions, is considered to be the most accurate.
However, its performance highly depends on qualities of captured visions, which are
easily affected by visual blocking, stains, and sight glass transition regions, etc. When
computer vision results are not reliable, fusion of the measurements from other sensors
can be utilized to continuously providing alternative interface level estimation.

In this thesis, model inaccuracies and violations of noise assumption are addressed
for the EKF based multirate sensor data fusion. Besides, irregular sampling rate
and time-varying time delays in infrequent measurements are considered. At last, a
compatible and simpler version of sensor fusion approaches for image processing based
computer vision system is applied for practical implementation and has successfully

passed factory acceptance test.

1.2 Thesis Outline and Contributions

This thesis is devoted to providing improved multirate sensor fusion methods based

on the traditional EKF algorithm combined with neural networks. The irregular



and infrequent measurements with time-varying time delays are also considered in
this thesis. A sensor fusion approach, which continuously providing reliable froth-
middlings interface level estimation when the computer vision system is unreliable,
is proposed and implemented in industry. The overall problem objectives, current

methods, proposed algorithms, and case studies are summarized in Figure 1.1.
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Figure 1.1: Schematic thesis structure.
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In Chapter 2, the dual neural extended Kalman filter (DNKEF) algorithm is pro-
posed. This approach employs two neural networks to enhance state estimation

and output measurement predictions, and also fuses frequent and infrequent mea-



surements to improve the online sensor fusion accuracy. The two neural networks
are named as state model compensation neural network (SNN) and measurement
model compensation neural network (MNN), respectively. In the DNEKF, the EKF
is employed to estimate process state and train neural networks simultaneously. The
weights and biases of neural networks are estimated online through state vector aug-
mentation. A multirate parameter update strategy is proposed in the DNEKF, using
frequent and infrequent measurements to calibrate the weights and biases of MNN
and SNN, respectively, and hence to provide more effective neural network training.

In chapter 3, based on the proposed DNEKF approach, a general situation, where
the infrequent measurements are irregularly sampled and have time-varying time
delays, is considered. The EKF based parallel fusion is on longer applicable in this
condition due to the measurement time delays. To address the irregular sampling rate
and time-varying time delays in infrequent measurements, estimations with different
sampling rates are performed. Their estimates are fused in the fusion center when
the infrequent measurements arrive. In this approach, regular frequent estimation
and irregular infrequent estimation are proceeded synchronously using the DNEKF
and the state model compensation NEKF (SNEKF), respectively. The weights and
biases of SNN are shared between the two estimation processes.

In Chapter 4, an introduction to the image processing based computer vision sys-
tem for PSC interface level estimation is first provided. Other available sensors, such
as differential pressure (DP) cell, profiler, and an integrated sensor do not rely on
sight glass visions, and their measurements can be fused to provide alternative inter-
face level estimation. The computer vision system provides indications of reliability
and quality of its estimation of the interface level. Based on the available sensors, a
simplified version of sensor fusion approaches, which recursively updates the fusion
parameters, is proposed and integrated with the computer vision system to improve
the interface level estimation. When the computer vision results are reliable and of

high-quality, the fusion parameters are recursively calibrated. If the computer vision



results are not reliable or of low-quality, instead of holding the latest estimates, the
fusion parameters remain the same as the last updated values to continuously pro-
viding interface level estimation. Industrial environment simulations are conducted
at the computer process control (CPC) industrial research chair (IRC) lab at the
University of Alberta, demonstrating improvement of the estimation robustness and

accuracy of the sensor fusion and computer vision integrated system.



Chapter 2

Multirate Sensor Data Fusion

based on Dual Neural Extended
Kalman Filter

2.1 Introduction

The extended Kalman filter (EKF) has been widely applied to solving multisensor
data fusion problems. This algorithm uses the newly received measurements to cor-
rect last predicted states while considering process noises during online estimation [3].
In the EKF based sensor fusion process, fusion accuracy depends on the precision of
state and output models that are used to describe the system dynamics. The model
inaccuracies need to be compensated during online operation to prevent inaccurate
fusion results [4]. Furthermore, even though the EKF algorithm handles process ran-
domness effectively, it assumes that in its state space formulation, process states and
measurements are contaminated by white noises, and violations of this assumption
may cause the EKF estimates to be inaccurate or even divergent [5, 6].

To address the above problems, much work has been conducted. In [7], the Kalman
filtering-based robust state estimation was proposed to deal with deterministic errors
caused by sensor calibration problems, measuring instrument failures, and sensor ac-
curacy limitations. However, this method requires to derive error models in advance,

and optimal state estimates are obtained only after an iterative process. A decentral-



ized, two-layer, Kalman filter based fusion structure was designed in [8] to compensate
for sensor failures. This fusion filter is tolerant to failures from some of the sensors,
while resulting in a poor precision when all sensors have some types of defectiveness.
Xu et al. [9] put forward the idea of using a first-order Gauss-Markov process to
compensate for inaccurately modeled accelerations in the Kalman filter-based orbit
determination. However, this method is limited to solving specific orbit determination
problems. In [10], the problem of colored noise instead of white noise was considered
for sensor fusion using the Kalman filter. The adaptive fuzzy logic system (AFLS)
was applied to prevent Kalman filter estimates from diverging. Lee and Johnson
[11] proposed using Gaussian process (GP) regression models to estimate the state
of colored noise systems. The GPs learn through the output residuals between GP
models and parametric models to characterize the distribution of the differences. In
[12], an innovation-based adaptive estimation (IAE) method was proposed to update
the noise covariance based on a remodification algorithm according to measurement
reliability specifications. However, the above methods that compensate for violations
of noise assumption are not applicable to solving model inaccuracy problems. Over-
all, these errors are difficult to capture using simple linear time-invariant models. An
effective online compensation technique for model inaccuracy and violations of noise
assumption is desirable to ensure the fusion results to be accurate and reliable.

In [2], a combination of the EKF algorithm and artificial neural network was pro-
posed as the neural EKF (NEKF) technique for online model compensation and ad-
justment. In [13-15], the NEKFs were used for online target tracking and improving
the state estimation accuracy in the feedback loop. In [16] and [17], the NEKF's were
used for online sensor calibration and sensor modeling. However, the NEKF only has
either state or output measurement model compensated by an artificial neural net-
work but not both, and is divided into state model compensation NEKF (SNEKF) and
measurement model compensation NEKF (MNEKF). The neural networks utilized by

the NEKFs are named as state model compensation neural network (SNN) and mea-



surement model compensation neural network (MNN) accordingly. If both state and
output measurement models have model-plant mismatches, the NEKF approach will
be inadequate. Additionally, the above mentioned noise assumption compensation
and model calibration approaches assume all sensors have the same sampling rate.
In reality, infrequent measurements, such as lab analysis, are commonly employed
to provide more accurate measurements for quality variables. Online measurements
that are frequently sampled and inexpensive to obtain, usually lack precision. Taking
advantage of both frequent and infrequent measurements can help increase fusion
accuracies [18], [19].

When applying multirate sensor fusion, compensations for model deficiencies and
violations of noise assumption are desirable as they achieve more robust and reliable
real-time state estimation. To fulfill this objective, in this chapter, the dual NEKF
(DNKEF) approach is proposed. The DNEKF uses multirate measurements to com-
pensate for inadequate process knowledge through simultaneous state and parameter
estimations. The existing NEKFs are limited to single-rate samplings and use fre-
quent measurement residuals to train both SNN and MNN. This training approach
will not be effective when the frequent measurements are inaccurate. In the DNEFK,
however, a multirate parameter update strategy is proposed, where MNN is trained
using frequent measurement residuals and SNN is trained according to infrequent
measurements. Involving infrequent but accurate measurements enables the DNEKF
to calculate differences between predicted states and reliable measurements, which in
turn allows the DNEKF to provide a more effective neural network training than the
NEKF algorithm. When infrequent measurements are not available, the weights and
biases of SNN remain unchanged. Meanwhile, the state estimate is used as input to
SNN to continuously providing compensated outputs.

The organization of this chapter is as follows. Section 2.2 introduces the EKF
based parallel sensor fusion algorithm. Section 2.3 explains the problems caused by

model inaccuracies and violations of noise assumption when applying the EKF based



sensor fusion. Section 2.4 provides a detail description of the DNEKF approach. In
section 2.5, the DNEKF fusion technique is applied to two numerical examples as well
as one industrial primary separation cell (PSC) interface level estimation problem to
demonstrate its advantages over the traditional EKF based fusion and the NEKF

algorithm. Finally, section 2.6 concludes this chapter.

2.2 EKF based Parallel Sensor Fusion

Measurements from different sensors can be fused in parallel using the Kalman fil-
ter algorithm by augmenting the output vector to provide fusion results for quality
variables [20], [21]. Two steps are involved in the Kalman filter algorithm, namely,
prediction and correction. The EKF linearizes the nonlinear models around the cur-
rent state to make the linear Kalman filter applicable [22]. Consider a nonlinear

process:
Ty = f(l‘tfl) + We_q (21)

Yy = h(xe) + vy (2.2)

where f(-) and h(-) represent the nonlinear state and output models, z; is state, and
y; denotes measurements from different sensors. Process and measurement noises are
denoted as w; and v;, which are assumed to be zero-mean, uncorrelated, Gaussian
white noises. Their corresponding covariance matrices are () and R, respectively.
Then the following procedures are performed according to the EKF based parallel
fusion algorithm [23].

Prediction :
;= f(Z41) (2.3)
b= thlptletji1 +@Q (2-4)

where 2,1 and z, are posterior and prior estimation of the state, and P,_; and

P;” represent corrected and prior state estimation error covariance. The Jacobian



matrix, F;_i, is obtained through linearization of the nonlinear state model, f(-), at

A~ o 8f
Ti_1, namely, Ft,1 = Bplti—1-

Correction :

In correction steps, the Kalman gain is computed as:
K,= P H/(HP,H +R)™ (2.5)

where H, is the Jacobian matrix representing linearization of nonlinear output model,

h(-), at Z,, and it is calculated as H; = % 5 Then the posterior state estimation,

2, is computed as:
Ty =2, + Ki(ye — ¥ (2.6)

where y; represents actual measurements, and ¢, denotes model predicted output

values, which can be calculated as:
Yy = h(z;) (2.7)
Then the corrected state estimation error covariance is
P, = (I - KH,)P;~ (2.8)

During multiple sensor data fusion process, each sensor has its own output mea-

surement model. If m sensors are utilized, then m measurements are given by:

Y1t = hi(xy) + 14

Yor = ha(xt) + vy

(2.9)
Ymt = hm(xt> + Um,t
The corresponding predictions can be obtained as:
@Lt =h (*%t_)
@2,1: = ha (*%t_)
(2.10)

gm,t - hm(‘%t_>
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The Jacobian matrix, H;, can be calculated as:

Ohy
Ox [T,
H, o (2.11)

8h7n
L Oz [z,

Then the standard EKF procedure can be applied to perform sensor fusion through
matrix augmentation [23]. Accordingly, predicted measurements, 7,, and correspond-

ing covariance matrix, 2, become:

) 0 R 0
Yy = y%t and R = | .2 )
Tt 0 0 ... Ry

2.3 Problem Statement

The EKF algorithm has been widely applied to finding the fusion criterion in solving
multisensor data fusion problems. The inaccurate process models and noise assump-
tions can degrade the accuracy of the EKF estimates. Consider a nonlinear system

in equation (2.1) and (2.2), with slightly different model notations:
Tt = firue(Ti-1) + Wi (2.12)

Yt = htrue(xt) + Ut (213)

where fiue(:) and Ay (-) indicate the true process state and output models. Several
reasons can lead to model mismatches. First, inadequate process knowledge may
cause large deviations between models and actual processes. Besides, process con-
dition changes such as seasonal shifts can result in deviation of the current system
dynamics from the previous. Moreover, the EKF algorithm is developed based on
the white noise assumptions in the state space model. Colored state or measurement

noise can lead to the inaccurate state estimation or even divergence [5, 6].

11



Typically, two types of measurements are utilized in industrial processes. Compar-
ing with frequent measurements, infrequent measurements normally have less avail-
ability but have higher accuracy. In Figure 2.1, the small ticks represent the frequent
sampling instant, ¢, and the squares represent the infrequent sampling instant, s. The
infrequent measurement, y;, is available at regular multiple of the frequent sampling

intervals. The objective is to design an online multirate sensor data fusion algorithm

.yf)t

- - - - - i
Yis

Figure 2.1: Sampling time strategy for frequent and infrequent measurements.

that is able to compensate for model inaccuracies and violations of noise assumption.

2.4 DNEKF Approach for Multirate Sensor Data
Fusion

2.4.1 DNEKF Procedure

The proposed DNEKF approach is an extension of the NEKF approach and it is
applied to solving multirate sensor fusion problems. The DNEKF employs both SNN
and MNN simultaneously to improve state estimation and output predictions using
multirate measurements. The violations of noise assumption are also handled by
the DNEKF method. As mentioned in section 2.3, several reasons can lead to the
inaccuracies of system models. The relations between predictions and actual values

with inaccurate state and output models may be written as:

= f(Z-1) + dir
(2.14)
== ic?,t + dt—l
v = h(2;) + 1
(2.15)
= @d,t + lt

12



where 2, and 2z, are posterior and prior state estimation from the EKF algorithm,
f(-) and h(-) represent inaccurate state and output models, which result in the in-
accurate predictions, z,;, and g,,, respectively. The deviations between inaccurate
predictions of state and outputs and their corresponding true values, are denoted as
d; and l;, respectively. These deviations can also include errors caused by violations
of noise assumption. To compensate for the inaccuracies, neural networks, which do
not require the pre-defined model structure, are utilized. The modified predictions

become

Ty = f(Z1) + NN (241, &az,t—l) (2.16)

~

By = h@7) + NN,(87,8,) (2.17)

where z, and ¢, are the modified state and output predictions. NN, and NN, are
the outputs from SNN and MNN, with posterior state estimate, Z;_1, and modified
prior state estimate, z, , as their inputs, respectively. g?)z and g}ﬁy are weights and
biases of SNN and MNN, respectively. The relations between modified predictions

and actual values are:
Ty = i't_ + &1 (218)

Yy = @t + M (219)

where €, and i, are the prediction deviations after adding NN, and NN, compensa-
tions. Comparing with 2, and §,,, the modified predictions, z, and §,, are expected
to have smaller differences from the accurate process states and measurements as they
are compensated by the neural network models, namely, ||| << ||del[, ||l << ||2e]]-
The structure of SNN and MNN can be chosen as feed-forward neural networks with
user-defined activation functions.

The DNEKEF first uses a SNN to compensate for state prediction inaccuracy, then

uses a MNN to improve frequent output predictions. To obtain accurate compensated
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results, proper weights and biases need to be trained for the two neural networks.
The DNEKF estimates process states and neural network parameters simultaneously
through state vector augmentation, and updates the weights and biases for SNN and
MNN through a multirate strategy. In the NEKF method, single sampling rate mea-
surement residuals are used to provide neural network training references. However,
using the frequent measurement residuals to train SNN will usually not be as reli-
able and accurate as that for MNN. As aforementioned, the frequent measurements
are of lower accuracy and models can have significant mismatches. Reducing the
frequent measurement residuals cannot ensure smaller state prediction errors. With-
out proper references, the parameters of SNN cannot converge to correct values, and
its predictions will not be accurate. In the DNEKF approach, a multirate parame-
ter update strategy is proposed to update ¢, and ¢, using respective measurement
residuals. Frequent measurement residuals are used to train MNN parameters, while
the training of SNN is according to infrequent measurements. In the DNEKF, the
state vector is augmented as ¥ = [x b, %]T' During online implementation, ¢,
is updated at frequent sampling rate, while ¢, is updated only when the infrequent
measurements arrive. In this thesis, since we are fusing multiple sensor estimations
for a single quality variable, a single-dimension nonlinear state space equation with
multi-dimension nonlinear output equation is considered, but the proposed algorithm
can be easily extended to higher dimensional state space equations. The DNEKF
procedure is illustrated in Figure 2.2.

The similar name convention as in [24, 25] is adopted in this thesis, that is, minor
instants mean the time instants when only frequent measurements are available,
and major instants are the time instants when both types of measurements become
available. At minor instants, infrequent accurate measurements are unavailable.
The neural network parameters, ¢, and ¢,, are treated as states to be estimated, and

remain unchanged in the prediction step. Then the state and output predictions are
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7 FO) + NN,()— T} —dh() + NN, () — U

Tg—1 —
O+— Yt
~ u ~
Ty Ot K (Ye — Ut)
Figure 2.2: Graphical illustration of the DNKEF approach.
obtained as:
FEr1) + NNp(#1, 0pp)
I, = Dot (2.20)

gby,tfl
b (2.21)

§o = W) + NNy (2, 0,,)

where z; is augmented prior state estimation. As neural network parameters are not

updated in prediction, g%; = g%t_l. The predicted outputs from m frequent sensors are

~

T
y = [@1 ¢ Yoy U t] . The state estimation error covariance in equation (2.4)

18

P =F_ P F ,+Q (2.22)
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where F;_; is the augmented Jacobian matrix [26], which is calculated as:

[ O(f+NN.)| A(f+NN.)| A(f+NNz)|.
Oz “'Etfl Oy Dz t—1 ¢y by,t—1
Ft—l - 0 Id)x 0
0 0 Iy,
I oNN,|  anN,| ONN,|.
E—l + ox \“*1 Ods |Pzt—1 0dy |by,t—1
0 0 Iy,
Fog+ %%, . 0 0
= 0 Iy, O
0 0 I,
B (fz+y+1)X(Pzt+¢y+1)
. ONNg|. _ ONNg|. — ; i 1
In equation (2.23), 55 b = 0y, = 0 since weights and biases of SNN

and MNN are not updated when infrequent measurements are not available. Pos-
terior state estimation, 2y, is used as input to SNN to continuously modifying state

predictions at minor instants. The Kalman gain matrix in equation (2.5) is
K,= P H/ (H,P H +R)™" (2.24)

where the augmented Jacobian matrix, H,, is

H, — [2(+NNy) AhENN)|  ah+NN,)| }
L e e T A 7 VR
_ ONNy ONNy| ONNy|
_Ht+ ox [T (ol ¢>;,z Oy ¢;,t:| (225>
[ ONN. ONN,
= |H gl 0 =Y. _ :|
| t+ "o 9%y 10yt ) imx (do+dy+1)

In equation (2.25), the derivative of NN, with respect to the weights and biases of

SNN can be computed as:

ONN, ONN,di;

06, 0@, O,
_ONN, 0/ (#1-1) + NN,)

i, BER
_ ONN,ONN,
C 0&;  O¢,
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In correction step, state estimation and estimation error covariance are updated using

following equations:
Ty =2y + Kilye — ) (2.26)

P, =(I—-KH,)P; (2.27)
where measurement residual, y; — 9,, is

Y1t — Z}u Yie — <h1(5€t—) + NNy,l(fUt_a (Ab;t))

e | e = (Be0) + NNGa(ir, 6,0))
i — iy = ' 2t | _ . t y:2\-be s Pyt (2.28)

| Ymt — @m,t_ | Ymit  — <hm(5%t_) + NNym(2; gb;))_

At major instants, infrequent but accurate measurements are available, and the
DNEKEF steps are the same as those at minor instants. However, dimensions and
elements for some matrices are different. The state prediction equation is the same

as equation (2.20). While with availability of infrequent measurements, the output

predictions are further augmented as:
I =m(@) + NNy (@7, 6,,)
Uos = ha(iy) + NNya(@;, 6,,)
(2.29)
@m,t = hm(@:) + NNy,m(iAC;a ¢;t>
ZA/i,s = hl(:i.g)
where ¢, is infrequent measurement, and since it is considered as accurate measure-

ment, h;(2;) = 2, . The Jacobian matrix, F;_;, in equation (2.22) becomes

F1+ %@t—l az{;‘\izb]:z boi—1
thl = 0 I(bz 0 <2'30)
0 0 Iy,

(P +dy+1) X (Po+dy-+1)
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Furthermore, the Jacobian matrix, H;, in equation (2.24) is

[O(h+NNy)| 0NNy O(h+NNy)|
Ht — oz it a¢z ¢z,t 8¢y ¢)y,t
1 0 0
- (2.31)
I, 4 ONNy| 0NN, ONN,|
_ t Oz [Ty Oz Dot Oy Dyt
1 0
- (m+1) X (¢pe+dy+1)

The last row of H; in equation (2.31) corresponds to infrequent but accurate mea-

surements. In correction step, the measurement residual is augmented into:

Y1t — @1,t
Y2t — 3}2,7:
Ye — Y = : (2.32)
Ymit = Yt
Yis — Ty

where T, = f(Zs-1) + NNy (Z5-1, &5%5_1) at major instants. The differences between
the accurate measurements, y; s, and the model predicted states, f(Zs_1), provide the
more accurate references for NN,, and hence SNN can be trained effectively using

infrequent measurements in the DNEKF procedure.

2.4.2 Model Compensation Neural Network Structure and
Output Computation

Compensation neural networks can be selected as single-hidden-layer, feed-forward
neural networks. Sample neural network structures for SNN and MNN are illustrated
in Figure 2.3 for a single quality variable with m sensors. Assign n, and n, hidden
nodes in the hidden layers of SNN and MNN, respectively. The input to SNN is the
posterior state estimation from the last step, and input to MNN is the modified prior
state estimation at current step. Choosing tanh as the activation function of each

node, then SNN output value, NN,, can be calculated as [27]:

NN, = tanh (WP - tanh (w? -, + b)) + bvP) (2.33)
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&y = f(Zi-1) + NNg(Zp—1, Pzt—1) Ue = h(2,) + NNy(2;,¢,,)
Figure 2.3: Sample model compensation neural network structures.

where

2 2 3

I I I
(2) (2) 3)

= | M = | = |2 | = [y
T N (-] B )

The superscript of weights, w, represents the destination layer number. The first num-
ber of subscript represents the destination neuron number, while the second number
of subscript indicates the departure neural number [28]. As an example, w@ means
this weight is from the second neuron of the second layer towards the first neuron
of the third layer. The superscript of biases, b, represents its location layer, and the

subscript indicates the number of neuron where this bias locates. For example, b2 is

the bias of the n'" neuron in the second layer. Similarly, NN, can be written as:

- -
o el
ol

NN, = tanh ” "l tanh (w?(f) STy + bf)) + bz(f’) (2.34)
Wy o Wi, |
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Under the same conventional notation, w@(f), bg(f), wg(jg’), and bgf) in equation (2.34) are
SN
i)
SR -] : S
) ol [
w
(2) (2) Lny (3)
wy?) = w.271 biY) = b2, wy) = Do ® = b
. w(3)1 .
2 2 m, 3
fzy),l _b;y)_ : _b7(n)_

During the DNEKF fusion process, the state prediction is first improved by NN,
and the modified state estimation is input to the output model as well as the MNN.
Then NN, compensates for frequent output measurement predictions. The weights

and biases of neural networks are updated through a multirate strategy in correction

steps of the DNEKF.

2.5 Case Studies

In this section, the proposed DNEKF approach is evaluated through two numerical
examples and one industrial case study. In the first numerical example, both state and
output models are inaccurate and are compensated using the DNEKF approach. In
the second numerical example, colored process and measurements noises are adopted
to check compensation capacity of the proposed method. In the industrial case study,
linear time-invariant models are utilized, and the DNEKF approach is applied for

online model inaccuracy compensation.

2.5.1 Numerical Examples

2.5.1.1 Model Inaccuracies Compensation

The key objective of the DNEKF approach is to compensate for model inaccuracies.
In this example, accurate models are unknown, and defective models are utilized for

predictions to test model inaccuracy compensation ability of the DNEKF. The true
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state and output models are given as follows:

Tt = frrue(Te—1) + Wiy

(2.35)
= 3sin*(z4_1) — 5cos(z4_1) + w1
and
Yt = Nirue(T0) + vy
T} + o1y (2.36)

3cos(xt) + voy

where w ~ N (0,1 x 107*), and v ~ N (0, R) with R = diag {4 x 1074, 4 x 10*4}.
The inaccurate state and output models are
Ty = f(Z1-1)
= 25in*(Zy_1) — 3cos(F_1)

(2.37)

and
Uy = h(z;)
2z, (2.38)
Scos(z; )
Applying DNEKF algorithm, the state predictions are
25in2(d4-1) — 3¢08(F4-1) + NNp(Z1-1, by 1)
I, = qum_l (2.39)

The output predictions are

- 22, + NNy1(2,, %’i), (2.40)

5cos(1; ) + NNyo (2, ,,)
In this case study, tanh is used as activation function. Since single-hidden-layer neural
network is utilized for both SNN and MNN, 1-3-1 and 1-3-2 are selected as neural
network structures. The number of elements of ¢, and ¢, are 10 and 14, respectively.

Then total number of elements of augmented state vector, z, is 25. During fusion

process, NN, and NN, can be evaluated as:
NN, = tanh (wf’)T -tanh (wg(f) ST+ bg(f)) + bf’)) (2.41)
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NN, = tanh ctanh (W - &7 + b)) + bl (2.42)

At major instants, the Jacobian matrices, F,_; and H,, are

dsin(zi_1)cos(&y_1) + 3sin(y_1) + azgivz s Bé\g;fz 5. .
Ft—l - 0 I¢x 0
0 0 Py 25x25
(2.43)
and
91 ONN, 1 ONN, 1 ONN, 1
Oz |y b (Aﬁ;,t Dby a);z
o Al ONNy, 2 ONNy 2 ONN, 2
Hy= | =5sin(@,) + =552 5%, “aor b, (2.44)
1 0 0

3x25
The measurement noise covariance matrix, R = diag {4 x 1074, 4 x 1074, 1 x 10*4}.
At minor instants, only frequent measurements are available, and the corresponding

Jacobian matrices are

4sin(Zs—1)cos(Z4—1) + 3sin(Z—1) + %itq 0O O
Foy = 0 I,, 0 (2.45)
0 0 v 25x25
and
_ 24+ %567 0 ONNy,1 o
i, = o [ O By (2.46)
—5sin(iy) + DNz g 20Nzl
t Oz [ty Oty |by.d o2

Assuming infrequent accurate measurements are available for every 20 frequent sam-
pling intervals, the simulation results are shown in Figure 2.4. For comparison, mean

squared error (MSE) is used, which is defined as:

n

MSE = %Z (2 — &) (2.47)

t=1
where n is number of frequent samples. With compensation of both state and output

models, the MSE is calculated as 4.8580 from DNEKF, which is smaller than 12.0226

from standard EKF fusion, hence fusion accuracy is improved.
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Figure 2.4: Model inaccuracies compensation simulation result with infrequent measure-
ments available for every 20 frequent sampling intervals.

2.5.1.2 Colored Noises Compensation

In this example, the actual models are available and colored noise are applied to both
process state and measurements, but white noises are assumed in the nominal models.
Red noise, which has zero mean, constant variance, and is correlated along time is

generated for simulation using the following equations [29]:
b1 = wy

(2.48)
pr=1p1+ (1 —r )1/2
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where w; is Gaussian white noise, and r is the correlation between red noise, p;.; and

i, and » = 0.6 in this simulation. The state and output predictions are

3sin®(Z4_1) — Hcos(@r—1) + NNy (41, ng,tfl)
fi't = (%m,t—l (249)

and

5 = &+ NNy (37, be,i)i (2.50)

3cos(z; ) + NNyo(2;, %,t)

In this example, infrequent accurate measurements are available for every 50 frequent
sampling intervals. The simulation results are shown in Figure 2.5. The MSE from
the DNEKF is calculated as 2.5768 comparing with 30.6740 from the standard EKF
fusion, indicating that even if accurate models are available, violations of noise as-
sumption will also decrease the EKF fusion performance. The DNEKF approach is

able to compensate for violations of noise assumption and provide more accurate state

estimation than the tradition EKF fusion.

2.5.2 PSC Interface Level Estimation

Primary Separation Cell (PSC) is used to separate bitumen from oil sands slurry
through a water-based gravity separation process [30]. The typical cross-section view
of PSC is shown in Figure 2.6. The oil sands slurry in PSC is divided into three lay-
ers: the froth layer, middlings layer, and tailings layer. The exact location of froth-
middlings interface is critical to bitumen recovery rate control [31]. The common
measurement instruments of interface level are nuclear density profiler, differential
pressure (DP) cell, and an integrated sensor with same sampling rate as others. A
less common applied technique is the image processing based computer vision sys-
tem, which relies on a camera mounted on the PSC sight glasses to provide vision
frames to estimate the interface level [32], [33]. Owing to its increasing accuracy and

decreasing cost, computer vision that utilizes image processing technique is becoming
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Figure 2.5: Colored noise simulation result with infrequent measurements available for
every 50 frequent sampling intervals.

more popular. In this case study, all the industrial data has been normalized for
proprietary reason. The DP cell, integrated sensor, and profiler measurements are
considered as frequent but less accurate measurements, and computer vision results
are treated as infrequent accurate measurements since in reality, image processing cal-
culation may not be able to perform normally for various reasons [33]. The DNEKF
multirate sensor data fusion approach is applied to the PSC system to provide a more
precise estimation of the froth-middlings interface level. The estimation performance
is compared with the EKF, the SNEKF, and the MNEKF fusion results to show the
improvements. In this case study, 1-3-1 and 1-4-3 structures are utilized for SNN and
MNN;, respectively.

Linear time-invariant state and output models are used to describe the process.
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Figure 2.6: Sample cross-sectional view of PSC.

Then state and output predictions are written as:

F - Zi't_l + NNx(i't—lv gbx,t—l)

T, = éx,t_l (2.51)
¢y,t—1
and
b, =H -, + NN,(2;,9,,) (2.52)

where z(%) is the froth-middlings interface level. The number of elements of ¢, is
10 and that of ¢, is 23. After adding one state, total elements of z is 34. The initial

values of ¢, and ¢, are random numbers that are close to zero. The output model is

T
|:HDPcell Hintegrated sensor Hprofiler Hcamerai| ) major Instants

T
[HDPcell Hintegrated sensor Hprofiler] ’ minor nstants

where H ymera = 1. The corresponding measurement noise covariance matrix is

dwg {RDPcell, Rintegrated sensor» Rprofileru Rcamera} ) major Instants

dlag {RDPcelly Rintegrated sensor Rprofiler} ) minor instants
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At major instants, the Jacobian matrices, F;,_; and H,, are

ONN, ONN,|.
F + 9z fri-1 Oz ‘d)x,t—l
Fi1= 0 Iy, 0 (2.53)
0 0 ]% 34x34
and
ONN|  aNNy| Nyl
I 0 0 4x34
At minor instants, the Jacobian matrices become
P23l 0 0
Foy = 0 I, © (2.55)
0 0 I% 34x34
and
o O(NN,) ANN)|
Hy=H+2505 o 2l | (2.56)

Figure 2.7 shows fusion performance of the standard EKF, the SNEKF, and the
MNEKF algorithms in terms of MSE. For the SNEKF, as aforementioned, without a
reliable reference, SNN training is not reliable, hence NN, of the SNEKF is not able
to improve the fusion performance. The MSE for the SNEKF fusion is higher than
that of the EKF fusion. For the MNEKF, as training process is more reliable, fusion
accuracy is improved from the EKF method.

Figure 2.8 shows fusion performance for the DNEKF algorithm with different in-
frequent measurement sampling rates. From top to bottom, infrequent sampling
intervals are 250, 125, and 50 frequent sampling intervals. With increased availabil-
ity of infrequent reference measurements, the DNKEF fusion performance becomes
better. The MSE values for different methods are presented in Table 2.1.

Figure 2.9 shows results for the DNKEF fusion with infrequent measurements

available for every 20 frequent sampling intervals as well as the weights and biases
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Figure 2.7: Fusion performance from the EKF fusion, the SNEKF fusion, and the MNEKF

fusion.

Table 2.1: Performance comparison for different fusion methods with respect to MSE

values.
Fusion methods Infrequent sampling MSE
intervals
EKF N/A 0.48129
SNEKF N/A 0.51000
MNEKF N/A 0.46327
250 0.42302
DNEKF 125 0.37454
50 0.34494
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Figure 2.8: The DNEKF fusion with infrequent measurements available for every 250, 125,
and 50 frequent sampling intervals.

for SNN and MNN. As can be seen from the middle subplot, the weights and biases
for SNN change every 20 frequent sampling intervals with accurate computer vision

results availability. As shown in the bottom subplot, the weights and biases for MNN

change at frequent sampling rate.

2.6 Conclusions

In this chapter, the DNEKF approach for multirate sensor data fusion is proposed.
The DNEKF estimates process states and neural network parameters simultane-
ously through state vector augmentation. While compensating for inadequate process

knowledge, the DNEKF takes advantage of both frequent and infrequent measure-
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Figure 2.9: The DNEKF fusion with infrequent measurements available for every 20 fre-
quent sampling intervals, and the weights and biases for SNN and MNN.

ments to update the weights and biases for MNN and SNN through a multirate
strategy to improve the fusion robustness and accuracy. The effectiveness of the pro-
posed approach is demonstrated through two numerical examples and one industrial
application example. The simulation and industrial application results demonstrate
that the DNEKF is robust to model inaccuracies and violations of noise assumption,
and its performance can also be further improved by increasing the availability of

infrequent accurate measurements.
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Chapter 3

Multirate Sensor Data Fusion in
Presence of Delayed Irregular
Measurements using Synchronized

Neural Extended Kalman Filters

3.1 Introduction

In Chapter 2, infrequent measurements are assumed to be available at a regular
sampling rate without time delays. However, in reality, infrequent measurements
usually have irregular sampling rate and time-varying time delays. As an example,
lab technician usually collects samples irregularly and lab sample analysis requires
time-consuming operations [34]. In this case, there are variable time delays between
recorded sampling time and the time lab results become available, and such delays
are usually unknown ahead of time. Therefore, the idea of the extended Kalman filter
(EKF) based parallel fusion utilized in the dual neural EKF (DNEKF) is no longer
applicable in this situation, when infrequent measurements have time-varying time
delays [35].

To address the irregularity of infrequent measurements, track to track fusion (TTF),
which fuses the Kalman filtering track estimation and covariances from different sen-
sors, have been applied [36-38]. In [39], modified TTF (MTTF) was proposed to

provide more advanced fusion techniques, which uses the fused results as common
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predictions. The track fusion prediction (TFP) was also discussed in the same pa-
per. In TFP algorithm, individual predictions from both Kalman filters are fused
before correction steps, and then the two corrected estimates are fused to provide
fusion results. Information matrix fusion (IMF) based TTF [40] was proposed as a
high-level sensor data fusion architecture to guarantee a globally maintained track
over time and demonstrated its improved fusion performance comparing with the
cascaded Kalman filter based TTF. A modified adaptive TTF [41] was proposed to
adopt cross-correlation between sensor-level track and global track to improve flexi-
bility to react to the changes of sensor system. However, the above mentioned TTF
based methods are limited to delay-free measurements. To address the measurement
delays, back calculation fused Kalman filter (BFKF) method [42] was proposed, in
which frequent Kalman filter calculations are repeated over the time delay period to
incorporate the delayed infrequent measurements. This approach is applicable when
only a few measurements are fused over the delay period or if the computational
requirement of the filtering is not of problem. State augmentation based EKF [24]
relies on augmenting current state with appropriate past information to fuse delayed
measurements. However, it also suffers from the excessive computation problem. In
[43], a Sigma-Point Kalman filter (SPKF) based time delayed sensor fusion approach
was proposed, in which state vector is only augmented with state at the time instants
when infrequent measurements are received. This approach assumes arrival time of
infrequent measurements to be known in advance, which is usually not practical. To
deal with multirate sensor fusion with irregular sampling rate and time-varying time
delays, the modified delayed TTF (MDTTF) [44] and the exclusive information fusion
Kalman filter (EIFKF) [25] were proposed. Both methods do not require to know
availability time of the irregular infrequent measurements in advance. During fusion
process, the MDTTF considers cross-covariances of frequent and infrequent measure-
ments, while the EIFKF only fuses exclusive information of infrequent estimation

with frequent estimation. The performance of the two methods was compared in [44].
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Even though the EIFKF only fuses exclusive infrequent information with frequent
estimation, it has comparable fusion performance as the MDTTF but with lower
computational burden and hence has shorter average computational time (ACT).
As mentioned in Chapter 2, the state and output models may not be able to ac-
curately describe the process dynamics. Model inaccuracies and violations of noise
assumption have not been well investigated for multirate fusion in presence of delayed,
irregular and infrequent measurements. In this Chapter, a DNEKF and state model
compensation neural EKF (SNEKF) synchronization approach is proposed to address
measurement irregularity and time-varying time delays while preserving estimation
accuracy. In this proposed method, the DNEKF is applied to frequent estimation
to compensate for both state and output model deficiencies. The irregular and in-
frequent measurements are considered to be accurate measurements, and as a result,
infrequent model coefficient is considered as one. Therefore, the SNEKF is applied
to infrequent estimation. The weights and biases of state model compensation neural
network (SNN) are updated with infrequent measurements, and are shared between
the DNEKF and the SNEKF procedures. Since the DNEKF approach increases com-
putational cost comparing with the standard EKF, the fusion method proposed in the
EIFKF is employed to reduce computational burden and improve fusion accuracy.
The remainder of this chapter is organized as follows. Section 3.2 explains the
problems of irregular sampling rate and time-varying time delays in multirate sensor
fusion process with inadequate process knowledge. Section 3.3 introduces the DNEKF
and SNEKF synchronization approach to handle irregular infrequent measurements
with time-varying time delays while compensating for model inaccuracy and violations
of noise assumption. Then, two numerical examples and one industrial case study are
provided in section 3.4 to demonstrate the advantages of the proposed approach. At

last, section 3.5 concludes this chapter.
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3.2 Problem Statement

In process industry, it is common to employ the lab analysis results to improve the
quality variable estimation accuracy. However, such measurements are usually sam-
pled at an infrequent and irregular rate and are obtained only after time-varying time
delays. Therefore, regular and frequent online measurements, which have lower accu-
racy and do not have time delays, are commonly adopted as process measurements.
To take advantage of all these sources, fusion of the two types of measurements is
desired in order to provide frequent, high-performance quality variable estimation.
As illustrated in Figure 3.1, black ticks are frequent sampling instants denoted
by t, and star represents infrequent sampling instants denoted by s. The infrequent
measurement that corresponds to time s, y; 5, is available at time ds, which is denoted
by square. At time ds, the frequent measurement, y; 45, is available without time
delay, and fusion is performed at this time instant. The intervals between time s and
ds are time delays, d. In this study, both s and d are assumed to be multiple of t.
The intervals between two sequential infrequent measurements are variable, and time

delays, d, are also time-varying.

Frequent estimates

yf!d“"
+
- e =
b, t
Infrequent estimates b
TR Yis

S ds s
| ; |

delay, d

Figure 3.1: Process sampling strategy for regular frequent measurements and irregular
infrequent measurements with time-varying time delays.

Considering the following nonlinear process with frequent and infrequent measure-
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ments:
Ty = firue(Te—1) + w1

Yrt = Ppirue(T1) + v (3.1)

Yids = Nitrue(Ts) + Vis
where firue(+), Rfirue(s), and h;pe(-) represent the true state model, frequent and
infrequent output models. These models can be either linear or nonlinear. In this
study, since infrequent measurements are considered to be accurate measurements,
hitrue(zs) = xs. The state, z, has w; as its noise, and frequent and infrequent mea-
surements are yy and y;, with vy, and v; s as their noises, respectively. The process
noise and measurement noises, w; ~ N (0,Q), vy ~ N (0, Ry), and v; s ~ N (0, R;),
are zero-mean, uncorrelated, Gaussian white noises. The multirate sensor data fusion
accuracy heavily depends on accuracy of state and output models. Limited process
knowledge and process condition changes can both lead to model-plant mismatches,
and the assumption of white process noises can also be violated. When fusing regu-
lar frequent measurements with irregular infrequent measurements subject to time-
varying time delays, model inaccuracies and violations of noise assumption should be
considered. As shown in Figure 3.2, at time instant ds, frequent measurements, yy 4,
arrive, then posterior frequent state estimate, 2 45, is obtained. However, infrequent
measurements arriving at time ds correspond to the sample that is taken at time
s. Consequently, at time ds, posterior infrequent state estimate for time s, Z;, is
obtained, instead of at time ds. The time delay, d, is assumed to be unknown until
at time ds. Therefore, to fuse frequent and infrequent estimates at time ds, predic-
tions over the time delay period from time s to ds need to be made for infrequent

. 45 and posterior fre-

estimation. Then at time ds, prior infrequent state estimate, z
quent state estimate, 245, are fused in the fusion center to obtain, Z4s. The fusion
results can be used as common initial estimates for predictions at the following time

instants. In this scenario, model inaccuracies and violations of noise assumption will

not only degrade the performance of frequent estimation but also affect predictions
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over time delay period from time s to ds, where no corrections are available. When the
state model has deficiency, errors will accumulate through these d-step predictions.
The objective, therefore, is to compensate for model inaccuracies and violations of
noise assumption while fusing regular frequent measurements and irregular infrequent
measurements with time-varying time delays to improve the process state estimation

accuracy.

Frequent estimates Yr.ds

*

Tys

Infrequent estimates

*
n

-’l .
delay, d Yiss

Tis

Figure 3.2: Frequent and infrequent estimations in presence of irregular and infrequent
sampling rate and time-varying time delays.

3.3 DNEKF and SNEKF Synchronization Approach

3.3.1 DNEKF and SNEKF Estimations

While fusing multirate estimates in presence of irregular sampling rate and time-
varying time delays, model inaccuracies and violations of noise assumption should be
compensated. Due to the measurement time delays, the DNEKF approach, which
is based on parallel fusion in Chapter 2, is no longer applicable. Two separate es-
timations can be employed synchronously to handle irregularity and time-varying
time delays in infrequent measurements while improving the online quality variable

estimation performance. In this section, the DNEKF and SNEKF synchronization
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approach is proposed. As shown in Figure 3.3, the DNEKF is applied to frequent
estimation and uses NN, and NN, values to compensate for model inaccuracies and
violations of noise assumption. The SNEKF is applied to infrequent estimation to
first improve state estimation at infrequent sampling instant, s, and then improve
the predictions over time delay period from time s to ds. The SNN parameters are
updated according to infrequent accurate measurements at time ds, and the weights
and biases of SNN are shared between the DNEKF and the SNEKF estimations. Fre-
quent and infrequent state estimations are fused in the fusion center to provide fused
estimate, 245, which is used as common initialization for predictions at the following

time instants.

DNEKF
Measurement prediction + NNy ...~ , improved ﬂfﬂgs
State prediction+NNx - improved i:f,rfs e R L S i
4
% - & - -
t tr Tds
SNEKF
State prediction + NNx ----+ improved 531‘,3 ----+ improved i',-__ds 777777777777777777777
S ds S
delay, d Yi,s

Figure 3.3: Multirate sensor data fusion based on the DNEKF and SNEKF synchronization
approach.

The frequent DNEKF procedure is the same as that in Chapter 2 for minor

instants, so frequent state and output predictions are

J(@fi-1) + NNg(Tgp-1, gﬁx,t—l)

'%Jzt = ¢x,t71 (32)
gby,tfl
Upp = hy(iz,) + NNy(27,, [p;t) (3.3)

where f(-) and hy(-) represent defective state and output models, which deviate from
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Jrue(+) and by gue(-) by model inaccuracies. The augmented frequent state vector is
Ty = [xf o %}T, Zyy1 s corrected state estimate and 7, is output prediction.
The output from SNN is NN,, with &7, ; as its input and gAbx as the weights and
biases. The MNN output is denoted as NN, with Z;, as its input and g%y as the weights

and biases. In the prediction step, state estimation error covariance is calculated as:
_ _ z =T

where Py, is corrected frequent state estimation error covariance, and @) repre-
sents process noise covariance matrix. The frequent Jacobian matrix, F'¢;_; in equa-

tion (3.4), is

[o(f+NNL)| O(f+NN,)| O(f+NN,)|
Ox [Lft—1 0¢s D t—1 Oy Dy,t—1
Ff,t—l = 0 [¢I 0
0 0 Iy,
- (3.5)
Ff7t71 + 6];51 &, O 0
= 0 [¢x 0
0 0 Iy
- Y Gty +1)x(poty+1)
The Kalman gain matrix for frequent estimation is obtained as:
- 5T /§ _ 5T 1
Kf,t = Pf,tHf,t(Hf,tPf,tHf,t + Rf) (3-6)

where Ry is frequent measurement noise covariance matrix, and the Jacobian matrix,

Hy, is calculated as:

ey = |:8(h+NNy)A_ A(+NNy)|  AhENNy)| }
£ Oz L.t Oz ‘d’x,t ¢y ‘d’y,t (3 7)
_ ONN, ONN, '
N [Hf’t + Oz ’ e 8¢yy ¢it]

In the correction step, both augmented state vector and state estimation error co-

variance are updated using frequent measurements, and the correction equations are

%f,t = 327;,75 + Kf,t(yf,t - @f,t) (3.8)
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Pth - ([ - KﬂtH—f,t)Pth (39)

During the DNEKF procedure, ¢, is updated with frequent measurements, while ¢,
remains unchanged.

Since delayed irregular and infrequent measurements are considered as accurate
measurements, measurement model compensation neural network (MNN) does not
need to be applied to the infrequent output prediction. Therefore, the SNEKF pro-

cedure is employed. The state and output predictions for the SNEKF procedure

are
i Bis1) + NNp(Bigo1, G
E;s: f( ) 1) ) ( , 1¢, 1) (3'10)
qu,sfl

T
where 7; = [1131 %} is augmented infrequent state vector, and h;(%;,) = %, ,, and
Z;s—1 is the corrected infrequent state estimation. Then estimation error covariance

matrix is

PL=Fiy 1Py F  +Q (3.12)

©,8

where P, ;_; is the corrected infrequent state estimation error covariance, and @ is
process noise covariance matrix. The Jacobian matrix, F; s_1, for infrequent estima-

tion is calculated as:

[o(f+NN.) . O(f+NN)|
F{ 1= Oz Fi,s—1 Oz ¢)x,371
’ 0 Iy,
i ONN, ONN, (3.13)
— F/L”Sil + Ox - ii’sil 6¢zz (35%571
0 Iy,
L (px+1)x(¢z+1)
The Kalman gain matrix is
Kiy= P H, (H, P H, + R)™" (3.14)



where R; is infrequent measurement noises covariance matrix, and the Jacobian ma-

trix, H; , is

H;, = [%@;E 0] (3.15)
_ [H 0]

Finally, infrequent augmented state vector and state estimation error covariance are

corrected as:

A A

il}s = j:i_,s + Ki,s(Qi,s - @i,s) (316)
B,s = (I - KZ‘,S‘Hi7S)F)i:g (317)

The irregular and infrequent measurements sampled at time instant s, become avail-
able at time ds, with relationship: ds = s + d. To fuse frequent and infrequent
estimates in the fusion center, predictions over time delay period from time s to ds
are made. Therefore, the infrequent estimation procedure includes additional predic-
tion steps, which are specific to process state, x. The state prediction over the time

delay period at frequent sampling rate is
ii?s—i—l = f(il,s) + NNx,s

A—

wi,s—i—? = f(i;s+1) + NNx,s-‘rl
(3.18)

‘%i—,ds = f(i;ds—l) + NNz,ds—l

where Z; ; represents posterior infrequent state estimate at time s, which is obtained
using irregular infrequent measurement received at time ds. The SNN output, NN,
is applied to adjust predictions over the time delay period. During this procedure,
corrections are not available, and the input to SNN changes from ;s to &, 4,
while ¢, remains unchanged. The predictions of estimation error covariance is also

performed over the time delay period at frequent sampling rate, and can be calculated

as:

S 9(f+ NN,) (f + NN,)
ra-f(A5,) (5

- o(f +NN,)

) (I, )) e

" (3.19)

j=1
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where P; is estimation error covariance matrix corresponding to process state, and

Qus,s represents cumulative process state noise covariance from time s to ds, which

S (O(f+ NN\
L) (P )

(3.20)

can be computed as:

—1 d—j
st,szz ( f+NN) s

j=1 1=1

AL ) (A
iys 4l ox

where () is process noise covariance corresponding to process state. The parameters of

SNN are updated in the SNEKF procedure, and are shared with the DNEKF at time
ds. The graphical illustration of the DNEKF and SNEKF synchronization approach

is shown in Figure 3.4.

Update be

(Yis — Bis)

)
=

lz’,s

Tia-t —A f() + NNo()— Ty — ki) [— s doly — Yis
share (})x
Zft-1— f() + NN, ()— Tft —{hs(-) + NN,(-) Yri
Yt
A Update (_by + l .
Lft O Ky (Yre — Gre)

Figure 3.4: Graphical illustration of the DNKEF and SNEKF synchronization approach.

3.3.2 Fusion Procedure

After both frequent and infrequent estimates are obtained at time d,, fusion can

be performed in the fusion center. Recall that through state augmentation, z; =
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[ggf on %]T and z; = [xz %}T. Then ¢, is independent of z;, and ¢, is shared
between the two estimations. Consequently, the fusion process focuses on process
state, x, and its corresponding estimation error covariance, P. A fusion method
that fuses exclusive information of infrequent estimation with frequent estimation is
proposed in the EIFKF approach [25], which is based on following Lemma:

Lemma 1. Assume z, and I, are two unbiased, independent estimates of x, following
Gaussian distributions, with P, and P, as their covariances, respectively. Then the

optimal, unbiased fusion estimation T. and its covariance matrix P. in the sense of

minimum mean-squared error can be calculated as:
P.= (P +p )" (3.21)

Ze =P (P % + P, i) (3.22)

The proof of this Lemma can be found in [45] and [46]. Lemma 1 is only applicable
when two estimates are independent of each other. To apply this fusion technique,
two unbiased independent estimates of Z; ,;, are calculated through state predictions
over time delay period from time s to ds. One of the estimates uses exclusive measure-
ment information with frequent estimates and the other uses mutual measurement
information. We name the two estimates as exclusive infrequent estimate, z,,, and

and P, as their respective covariances.

mutual infrequent estimate, z,,, with R_

Then estimation error covariance of infrequent estimate at time ds can be written as:

P, = ((15;8>_1 + (R;ds> _1)_1 (3.23)

Rearrange equation (3.23), and E;ds can be obtained as:

= ((P) - (P;s)‘l)_l (3:24)

Following Lemma 1, infrequent state estimation are computed as:
A — Al SN _1 A — Al _1 A —
xi,ds = Pi,ds <<Pds) Lgs + (Rz,ds) st) (325)
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Then exclusive infrequent state estimation is
A — A o _1 A — A _1 A —
Rds = Rz,ds <(Pi,ds) Lids — (Pd5> $ds> (3.26)

The state propagation procedure and fusion procedure of the proposed DNEKF and
SNEKF synchronization approach are shown in Figure 3.5. In this illustration, aug-
mented state vectors Ty and Z; are propagated through time. However, only process
state, x, participates in predictions over time delay period from time s to ds. In the
fusion center, frequent state estimate, 245, and exclusive infrequent state estimate,

Z s, are fused to provide the fusion results, 4.

DNEKF
yf‘i yj',r.l.';
-'i'f.tfl ?fz l ‘%N l ff‘ds
State prediction + NNx —— Correction ——— - Correction [ o
wv
Measurement prediction + NNy g' .
0O —1 Tds
o
o Exclusive =
State prediction + NNx ___, Correction —» Stateprediction _  jnfrequent — o 2
2 a_ “ + NNx o estimate o
Tis—1 Tis T Tis T ds Zds
Yis
at time ds
SNEKF

Figure 3.5: State propagation procedure and fusion process for the DNEKF and SNEKF
synchronization approach to multirate sensor fusion in presence of delayed infrequent mea-
surements.

In terms of the mutual information, at time s, the delayed infrequent measure-
ments, ¥; s, are not available. Therefore, the common measurement information avail-

able at time s is used to provide mutual infrequent estimate from time s to ds, which
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is calculated as:
i;—i—l = f(i';s) + NNx,s

‘%;4—2 = f(i's_—f—l) + NNx,s-i—l
(3.27)

‘%;s = f(i;s—l) + NNx,ds—l
where 2, to 2, represent state estimation using mutual measurement information
over time delay period. Since the estimation is initialized with mutual information,
Z;, instead of &;, is used as the initial estimate, and the corresponding mutual

infrequent state estimation error covariance is calculated as:

SNl

J

d—1

o= 11 (O + NN,)| A(f + NN,)| ) .\ (w
Pas = H ( or "??ﬂ) ( o ‘af P, o7

T
i;r]) > + Qgs,s

(3.28)

! (8(f+ NN,)
n ox

Jj=1

where the estimation is initialized with P, instead of P;, since only mutual mea-
surement information is utilized. The corresponding mutual process noise covariance

matrix, Qg ,, of the cumulative process state noise from s to ds is obtained as:
d—j T T
. o(f + NN,) O(f + NN,) ~ (O(f + NN,)
SHL (H (5 )) (M) o (M)

=1
(3.29)
After computing the mutual state estimate and its estimation error covariance, the

d—1d—j
. f+NN
sts H(
=1

j=1

exclusive infrequent state estimate and corresponding estimation error covariance at
time ds, are calculated through equation (3.26) and equation (3.24). In the fusion
center, only the exclusive infrequent information is fused with frequent estimation,

and fusion can be performed based on Lemma 1 as follows:
N ~—1 " -1\ !
Pds - (Pf,ds + (Rz,ds> ) (330)

A A—1 " -1 o
ds = Pds (Pf’dsxﬁds + (Rz,ds> st> (331)
The overall process of the DNEKF and SNEKF synchronization approach for mul-

tirate sensor fusion in presence of irregular and infrequent sampling rate and time-

44



varying time delays is illustrated in Figure 3.6. The exclusive infrequent state esti-
mate and the corresponding estimation error covariance are fused with the frequent
ones in the fusion center at time ds to provide more accurate fusion results, 245 and
P,,. These fused results can be used as initial values for frequent and infrequent

estimations in the following sampling instants.

Initialization of states, covariance, and weights:
:Efr T, Pf Pé? Oz (Dy

I

Frequent estimation: DNEKF
Update Z¢, Pr, 0,

—>

Share
with
DNEKF Yes

Infrequent estimation: SNEKF
Update T;, P;, ¢,

Extract exclusive infrequent estimates and the
covariance: 2, [T .

Fusion Center
Fuse: Tfas & 2, Pras & R, Obtain: Tgs, Pys

I

Reinitialization |Use the fusion results to give reinitializations for both
frequent and infrequent estimations

Figure 3.6: Flow chart of the DNEKF and SNEKF synchronization approach for multirate
sensor fusion in presence of irregular and infrequent sampling rate and time-varying time
delays.

3.4 Case Studies

In this section, two numerical examples as well as one industrial solvent recovery unit
(SRU) product stream concentration estimation are provided to show advantages of

the proposed approach. In the first numerical example, the state and frequent output
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models deviate from the true ones. Next, colored state and measurement noises are
applied to the process. Last, in the industrial case study, random walk models are
applied, and the DNEKF and SNEKF synchronization approach is applied to improve

accuracy of the SRU product stream concentration estimation.

3.4.1 Numerical Examples

3.4.1.1 Model Inaccuracies Compensation

In this numerical example, both state model and frequent output model are inaccu-
rate. The infrequent accurate measurements are available at an irregular sampling
rate with time-varying time delays over the 400 simulated frequent sampling instants.
Infrequent sampling interval randomly varies between 35 and 45 times of frequent rate
sampling intervals. The time delay, d, varies from 15 to 25 times of frequent sampling
intervals following a uniform distribution. In this simulation, true state and frequent

output models are

Tt = frrue(Te—1) + Wiy

(3.32)
= /Ti—1 + sin(xi_1) + wi_q
and
Yrt = hirue(Trs) + 05y
(3.33)

= 0.81‘% +vpy
where w;, ~ N(0,0.1) and vy, ~ N(0,1). The irregular infrequent measurements are
considered as accurate output measurements. Therefore, infrequent output model is

given below:
Yi,s = Tis + Vis (334)

where v; s ~ N(0,0.1). In this simulation, assume neither the true state model nor
the true frequent output model is known. The following defective models are applied
for estimation:

T, =f (f%t—l)

= 0.95%75_1 + Sin(i't_l)

(3.35)

46



and

@f,t = h(@;ﬁ
(3.36)

Applying the DNEKF procedure to frequent estimation process and choosing 1-2-1 as

neural network structure for both SNN and MNN, then state and output predictions

are
0-9ii'f,t71 + sin(ﬁ:f,t,l) + NNx(i)f,tfla &x,t_ﬁ
Ty = Brp1 (3.37)
gby,t—l
and
Upe =25+ NNy(&5,, 0,0) (3.38)

With above structure, both neural networks have 7 parameters. For a single quality
variable problem, the augmented state vector contains 15 elements. The frequent

Jacobian matrices, F' #+—1 and H 1+, are computed as:

0.9+ cos(i, )+ 2=k . 0 0
Fpi1 = 0 I,, O (3.39)
0 0 [d’y 15x15
and
= T PO ONN ONN
Hfrt - |:2xf,t + 893 - jf_ﬂg 8¢yy &Sy_,t] (340)

The SNEKF algorithm is applied to infrequent estimation process. Infrequent state

and output predictions are

~

~ 09.12'1 s—1 T sin QATZ s—1) + NNI -%1 s—1y Pp s
i = 51 (@, Al) (Zis—1: Pas-1) (3.41)
¢z,s—1
Uis = Tig (3.42)



The infrequent Jacobian matrices, F'; ,_; and H, 4, are computed as:

= 0.9 + cos(Zjs—1) + 3Nin_ ) ONN,|.
Fi,s—l = ( ) 1) ox 1,8— a(bz ¢z7571 (343)
0 Lo, 8x8
and
Hie=1 0 (3.44)

State predictions over time delay period from time s to ds are needed for fusion
activity. Following the fusion algorithm introduced in section 3.3.2, in order to extract
exclusive infrequent state estimate, mutual infrequent state estimates from time s to

ds are computed as:

Ty = 0.9+ sin(Z;,) + NNy s

~A—

Topo =092y + sin(Z,) + NNosia (3.45)

Ty =092, 1+ sin(Ty,_) + NNpas—1

where 2 T; ¢ Is prior infrequent state estimate at time s. The estimation error covariance

T, ) Pz_,s
T
s+]>> _|— st’s

(3.46)

of mutual infrequent state estimate is calculated as:

d—1
- ONN,
P, = H <O9+cos( o)+ pe

J=1

ONN,
- 0.9 T
xs+j> ( + cos(xw) + e

T /d

J

1

ONN,
ox

ONN,
(09—|—COS< s+j)+w

: (0.9 + cos(&;,) +

1

where P, is prior state estimation error covariance at time s, and @, , can be

computed as:

d-1d—j d=J !
. ONN,,
Quos = ZH (09+cos T+ ) ( (09+cos S+l)+—8x is+l>>
j=11=1 =1
. ONN,| oy ONNG T
+ (0.9 + cos(Z;,) + g 96—) Q (O.Q + cos(¥; ) + o7 x_)

(3.47)
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The infrequent state estimate, Z; ., from time s to ds is calculated as following:

Tigr1 = 0.9 5 + sin(Zis) + NNy s

~A—

Tigro =092, + sin(T ) + NNy s
(3.48)

i.;ds ngzds 1+SZTL( zds 1)+NNxds 1

where Z; 5 is posterior infrequent state estimate for time s. Its corresponding estima-

tion error covariance, PZ dss 1S
d-1
— ONN, . ONN,, A
P =] (0 9+ cos(Fi,45) + —5 x+> (0.9+ cos(&is) + —5 ) P,
j=1

ONN,
ox

T
i7«)54—]’) > * st,s

(3.49)

: (0.9 + cos(Zis) +

T [/d—1
ONN,
a:> <H (09+003( zs+])+T

Jj=1

where P;; is corrected state estimation error covariance, and ()45 can be obtained

T
"i‘;s-f—l > )

(3.50)

as:

—1d—j
- ONN,
st,s = Z (()9 + COS(.ZCZ-,S_"_Z) + W

j=1 1=1

d—j
. ONN,
ii,s-{-l) Q (l | (0 9+ COS( zs+l) + or

=1
T
i’i,s>

;4o and P; 45 through equation (3.45), (3.46), (3.48)

ONN,

- A . ONN,
o :m) Q <0.9 +cos(5) + ——

ox

+ (0.9 + cos(z; )

After obtaining iy, P,
and (3.49), exclusive infrequent state estimate at time ds, z,,, and its corresponding
estimation error covariance, R, s> are obtained through equation (3.26) and equa-
tion (3.24). Then the fused state estimate and corresponding estimation error covari-
ance are obtained from equation (3.31) and equation (3.30). Figure 3.5 illustrates the
standard EKF estimation results and fusion results from the proposed DNEKF and
SNEKF synchronization approach. As shown in this figure, inaccurate models lead
to biases between the EKF estimates and actual process states. With compensation
of model inaccuracies, the MSE of the proposed approach is calculated as 0.10945,
which is smaller than 0.86271 from the EKF estimates, indicating that the proposed

method has improved the estimation performance.
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Standard EKF Estimation, MSE: 0.86271
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Figure 3.7: The EKF estimation results vs. the DNEKF and SNEKF synchronization

fusion results for numerical example with model inaccuracies.

3.4.1.2 Colored Noises Compensation

In this example, accurate models in equation (3.32) and (3.33) are available. However,
colored noises instead of white noises are considered. Red noises with correlation along
time as 0.5 are generated through equation (2.48) and applied to the process state
and output measurements. The frequent Jacobian matrices, F' fi—1 and H ¢, in the

DNEKEF process, are

1 f ONNg|
) 2\/@ —|—cos(xf7t_1) + 5 ., 0 0
Ff}tfl - O I¢z 0 (351)
0 0 I¢y 15x15
and
= ~e ONN, ONN,
Hﬁt = [1.6.(13]% + Tyiit 8¢yy (Aﬁy_,t] (352)
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In terms of infrequent SNEKF process, the infrequent Jacobian matrices, F; ,_; and

Hi,su are
1 R ONN, INN,
- = + COS(.Tiysfl) + Oz - Tis—1 o¢ - b s
Fi,sfl = | 2V%is o (353)
0 [¢z 8x8
and
o= [1 0} (3.54)

As shown in Figure 3.8 and 3.9, violations of noise assumption degrade the EKF esti-
mation results, and even lead to EKF' estimation divergence. Through compensation
of violations of noise assumption, the DNEKF and SNEKF synchronization method
can prevent the estimation from divergence and improve the estimation accuracy in

terms of MSE.

3.4.2 SRU Product Stream Concentration Estimation

Bitumen produced from oil sands mainly consists of long-chain hydrocarbon molecules
and it is extra heavy and highly viscous. The sticky, viscous bitumen is almost in
solid state at room temperatures, which makes it difficult to transport [47]. To solve
this problem, diluent is added to make it possible to ship bitumen through pipelines.
After transportation, the diluent is recovered in SRU through heating and stripping
processes. After diluent recovery, SRU product stream concentration is estimated at
a frequent sampling rate through a soft sensor. The product stream samples are also
analyzed in the lab to provide accurate concentration measurements at an irregular
and infrequent rate [48]. In this case study, all the industrial data has been normalized
for proprietary reason. The soft sensor estimation results are available in every 10
minutes without time delay. Meanwhile, the lab measurements are available two or
three times per day to provide references for product stream concentrations. Usually,

the delay is 18 to 30 frequent sampling intervals, following a uniform distribution.
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Figure 3.8: The EKF estimation results vs. the DNEKF and SNEKF synchronization
fusion results for numerical example with colored noise.

Industrial data from two separate time periods with a gap of three months is analyzed
in this case study.
The DNEKF approach is applied to frequent estimation process using soft sensor

measurements with random walk models, and state and output predictions are

Zi'fyt_l + NN.CC (i'f,t—b gbx,tfl)

%Jzt - (Abz,t—l (3.55)
¢y,t—1
Upo = 270+ NNy(E74 0y0) (3.56)

Structures of SNN and MNN are both 1-2-1, then the Jacobian matrices for the
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Figure 3.9: The EKF estimation results vs. the DNEKF and SNEKF synchronization
fusion results for numerical example with colored noise.

frequent estimation are

148N 0 0 0
Friq= 0 I,, 0 (3.57)
0 0 Lo, 15x15
and
T _ ON Ny ON Ny
Hyo=[1+252 0 2% | (3.58)

The SNEKF approach is applied to infrequent estimation, and state and output

predictions are

. Fig1 + NN (Zi5 1, bpy
i (Fro1 G0t) (3.59)

¢w,s—1
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Yis = Ty (3.60)

) 1 4 ONN| ONN|
Fis1= 9w Pheml  O%0 frsm (3.61)
0 [d’ﬂ” 8x8
and
H; = [1 o} (3.62)

After extracting exclusive infrequent state estimate and corresponding covariance, fu-
sion is performed when lab measurements become available. Figures 3.10 and Figure
3.11 show frequent soft sensor measurements and the proposed DNEKF and SNEKF
synchronization fusion results using lab measurements as references for two time peri-
ods. The comparison of estimation accuracies for soft sensor predictions, the EIFKF
estimation, and the proposed method fusion results in terms of MSE is presented
in Table 3.1, with lab measurements as references. From the MSE comparison, the
proposed synchronization method improves estimation accuracy from frequent soft
sensor measurements as well as from the EIFKF estimation by compensating the
model deficiencies.

Table 3.1: MSE from different methods for the SRU product stream concentration
estimation case study.

Methods MSE

Soft sensor measurement 0.1295

Period 1 EIFKF 0.1057
DNEKF + SNEKF fusion result 0.0934

Soft sensor measurement 0.5298

Period 2 EIFKF 0.4948
DNEKF + SNEKF fusion result 0.3741
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Figure 3.10: Frequent soft sensor measurements vs. the DNEKF and SNEKF synchroniza-
tion fusion results for SRU product stream concentration estimation during period 1.

3.5 Conclusions

In this chapter, the DNEKF and SNEKF synchronization approach is proposed for
multirate sensor fusion in presence of irregular and infrequent measurements with
time-varying time delays. With the objective of compensating model inaccuracies
and violations of noise assumption, the proposed method uses the DNEKF and the
SNEKF to improve frequent and infrequent estimations, respectively, while sharing
the parameters of SNN between them. The regular frequent state estimate and ir-
regular infrequent state estimate as well as their corresponding covariances are fused
in the fusion center when infrequent accurate measurements arrive, and exact delay
is unknown in advance. Through two numerical examples and one industrial case
study, the proposed approach is shown to have advantages of compensating for model

inaccuracies and violations of noise assumption while handling the measurement ir-
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Figure 3.11: Frequent soft sensor measurement vs. the DNEKF and SNEKF synchroniza-
tion fusion results for SRU product stream concentration estimation during period 2.

regularity and time-varying time delays.
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Chapter 4

Sensor Fusion and Computer
Vision Integrated System for
Primary Separation Cell Interface
Level Estimation

4.1 Introduction

Primary Separation Cell (PSC) is used to separate bitumen from oil sands slurry
through a water-based gravity separation process. General structure of PSC is a
large open separation vessel, and a typical cross-sectional view of PSC is shown in
Figure 2.6. It is the key step of bitumen extraction, where up to 90% of the bitu-
men is recovered [49]. Oil sands slurry is pumped to the PSC for extraction through
inlet pipeline. Then the slurry is divided into three layers due to gravity: the froth
layer, middlings layer, and tailings layer, from top to bottom. The froth layer has
the lowest density and contains majority of bitumen. Inside the PSC, bitumen froth
floats towards the top and is recovered in the overflow launder. The middlings zone
sits underneath the froth layer and mainly consists of clay particles that are difficult
to separate. The tailings layer sits at the bottom of the PSC. It is mostly comprised
of coarse tails and is withdrawn from the bottom of cone via underflow pumps. The
exact location of the froth-middlings interface is a critical control parameter. If the

interface is too high, middlings will get pulled into the overflow launder and thus
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reduce bitumen recover quality. If the interface is too low, bitumen will get pulled
into the middlings zone, which can reduce bitumen recovery. In oil sands industry,
the froth-middlings interface level is measured using various sensors: nuclear density
profiler, differential pressure (DP) cell, integrated sensor, and image processing based
computer vision system. The profiler measures the interface level based on point
density measurements. DP cells estimate the interface level through pressure mea-
surements. The integrated sensor combines density and pressure transmitters to give
interface level estimation. The computer vision system uses a camera that is installed
on the sight glasses to capture sight glass visions and then transmits video frames
to the application computer, which then converts the image frames to interface level
estimation. In recent years, cost of camera installation has dropped, and accuracy
of digital imaging software has improved significantly, making image processing tech-
nique increasingly popular in the oil sands industry. However, this approach highly
relies on sight glass vision qualities. When camera is not able to capture a clear
movement of the interface level, the computer vision will freeze itself by holding on
to the last reading of interface level until the visions become reliable again. The
objective of this chapter is to design a sensor fusion strategy which can be integrated
with the image processing based computer vision system to improve online interface
level estimation accuracy and robustness for PSCs.

The remainder of this chapter is organized as follows. Section 4.2 introduces the
image processing based computer vision system and discusses about the problems
that exist. Section 4.3 explains the sensor fusion approach, which recursively updates
fusion parameters to continuously providing reliable interface level estimation when
computer vision results are unreliable. The integration strategy of sensor fusion with
computer vision system is also introduced in this section. Real industrial environment
simulations are conducted at the computer process control (CPC) industrial research
chair (IRC) lab at the University of Alberta to show effectiveness of the proposed

approach. Finally, section 4.4 concludes this chapter.
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4.2 Image Processing based Computer Vision Sys-
tem and Problem Statement

The image processing based computer vision system for froth-middlings interface
level detection in PSC [33] was developed to increase the interface level estimation
accuracy. This approach combines static and dynamic image processing techniques,
and provides indications when the results are not reliable. The image processing
procedure relies on visions of the PSC sight glasses. Figure 4.1 illustrates a sample
sight glass vision captured by the installed camera. Typically, three sight glasses are
installed on the PSC, named as upper, middle, and lower sight glass, respectively.
The red line is the computer vision estimation result for froth-middlings interface

level, and the yellow ellipses indicate transition regions among the three sight glasses.

Interface -
level (28
-l o

‘&
...__.k_\‘d'

43

Figure 4.1: Sample sight glass visions of PSC.

The vision qualities are affected by several abnormalities. Sticky oil and sticky

sands will lower the visibility of the interface level [50]. Besides, when the interface
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level crosses sight glass transition regions, dynamic movement of the interface level is
difficult to be captured by camera. In this case, dynamic image processing is not able
to provide accurate estimates [51]. The above two scenarios are defined as low-quality
conditions in the computer vision system. Additionally, operators occasionally need
to do maintenance on the PSC and will block the camera visions. Then the sight
glass regions are not visible and calculation of interface level is not reliable [52]. This
situation is called low-reliability condition in the computer vision system. Figure
4.2a and 4.2b show the stains on the sight glass and operator blocking the sight
glass visions, respectively. During normal conditions, the computer vision results

are considered to be the most accurate among various sensor estimations. Figure 4.3

Figure 4.2: Ilustration of sight glass stains and operator blocking condition.

shows sample graphical user interface (GUI) for the image processing based computer
vision system [33]. The red ellipse marks the quality and reliability status. Both
indication indices range from 0 to 1, and larger value means higher reliability. If
either indication index value is lower than its threshold, the computer vision results
will remain unchanged until the condition becomes normal again, and the threshold
values are adjusted according to the operational environments. Figure 4.4 shows
one-month computer vision interface level estimation results with sampling interval
of 10s. All data in this chapter has been normalized for proprietary reason. The

red dashed lines mark the computer vision results corresponding to the two sight
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glass transition regions. During transition regions, the camera is not able to capture
clear movement of the interface level, and the quality index falls below its threshold.
Then the computer vision freezes interface estimation until the quality index higher
than the threshold. The objective of this work is to provide reliable dynamic interface

level estimation during low-quality and low-reliability scenarios of the computer vision

system.
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Figure 4.3: GUI for image processing based computer vision system for interface level
estimation.

4.3 Sensor Fusion Approach

4.3.1 Fusion Application with Quality and Reliability Status

In the PSC interface level estimation case study of Chapter 2, the computer vision
results are considered as equivalence to accurate measurements. However, if the com-
puter vision results are in a low-quality or low-reliability condition, these readings
should not be used as accurate measurements to be fused with other measurements.
The sensor fusion using measurements from other sensors is more reliable under ab-
normal scenarios. In this chapter, a simplified version of sensor fusion approaches

for the computer vision system is proposed for industrial application, where the ex-
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Figure 4.4: Sample one-month computer vision results.

isting distributed control system (DCS) limits how complex the algorithm can be.
Under normal conditions, reliable computer vision results are used as references to
adaptively calibrate the fusion parameters of other sensors using the recursive least
square (RLS) algorithm. Once the quality index or reliability index falls below their
thresholds, the latest trained fusion model parameters and bias remain unchanged

to continuously providing interface level estimation. The linear fusion model can be

written as:

Y = 1y + BTt + Vs + bias (4.1)

where y; is the interface level measurement from computer vision system under reliable
conditions, x1;, 2, and w3, represent the measurements from DP cell, profiler, and
integrated sensor, respectively. The fusion parameters, oy, 5;, 7:, and the bias term,

bias;, are updated whenever computer vision result is available and reliable. Similar
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to the Kalman filter algorithm, in the RLS algorithm, the estimated fusion parameters

are calibrated using the measurement residuals as [53, 54]:

ét = ét—l + Kt(yt — XtTét_l) (42)

T

T
where X = [q;l xy w3 1| ;and 0= |a B ~ bz’as] . The Kalman gain matrix

K, is calculated as:

AP X,

_ 43
1+ Aingﬂptlet ( )

t

where A is forgetting factor with value between 0 and 1. Smaller forgetting factor will
make the model more sensitive to recent samples [55]. The estimation error covariance

is denoted as P;, and it is updated as [56]:
P=)X"'P - 'K X'P (4.4)

In this study, update of fusion parameters is according to the computer vision qual-
ity and reliability status. Only when both reliability and quality indices are higher
than their respective threshold, the fusion parameters and biases are updated. The

updating rule is defined as:

0, 1, if quality index or reliability index < threshold

0, 1+ Ki(y: — XI 91&—1), if quality index and reliability index > threshold
(4.5)

To test the reliability of the sensor fusion results, 10-hour predictions are made
using one-month industrial data. The correlations between results directly from com-
puter vision system under reliable conditions and estimations from sensor fusion and
individual sensors are presented in Table 4.1. The sensor fusion interface level esti-
mation has higher consistency with the computer vision results than each individual
sensor in terms of correlation. Figure 4.5 and 4.6 demonstrate sample 10-hour sensor

fusion results. The computer vision results, which use a camera to capture the sight

63



glass visions, are plot as references, but they are not utilized to update fusion pa-
rameters during the 10-hour sensor fusion period. Red dashed ellipses mark the sight
glass transition regions, where the computer vision results remain unchanged. As
shown in Figure 4.5 and 4.6, the sensor fusion results do not suffer from this problem.
Therefore, the sensor fusion can address the low-quality and low-reliability problems
form computer vision system and preserve estimation accuracy. Usually, abnormal
conditions will not last for more than several hours, so the 10-hour estimation tests

prove the effectiveness of using sensor fusion in presence of abnormalities.

Table 4.1: Correlations between the computer vision results and estimations from
sensor fusion and individual sensors.

Sensors Correlation
DP cell 0.7445
Profiler 0.3428
Integrated sensor 0.4772
Sensor fusion 0.7977

4.3.2 Sensor Fusion Integration with Computer Vision Sys-
tem

In section 4.3.1, the sensor fusion results are proved to be robust and reliable to pro-
vide alternative estimates under abnormal scenarios. Then sensor fusion is integrated
with the computer vision interface level estimation system, which was developed pre-
viously, and the integrated system has been implemented in the industry. Previously,
the computer vision system uses quality and reliability indices to determine when
to freeze the interface level estimation. To handle the abnormalities and continu-
ously providing estimation values, a simplified version of sensor fusion approaches is
utilized, which uses the quality and reliability indices to determine when to update
fusion parameters, and thus provide dynamic interface level estimation when com-

puter vision results are unreliable. An improved GUI for industry is shown in Figure
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Figure 4.5: Sample 10-hour sensor fusion interface level estimation with corresponding
computer vision and DP cell results.

4.7. In this GUI, two boxes showing interface level readings are provided, and the
exact values are hided for proprietary reason. The background color of the computer
vision box changes from green to yellow under the low-quality conditions and changes
from green to red under low-reliability conditions. The red line is the computer vision
result, and the blue line indicates the sensor fusion result. The updated software has
been implemented in the industry for field tests, where both sensor fusion and com-
puter vision results are indicated on the GUI. In the computer vision system [33], a
camera is used to capture and transmit visions of the sight glasses to the application
computer, meanwhile a video processing application runs in the background to infer
the level from video frames. On the basis of the previous computer vision system im-
plementation architecture, measurements from DP cell, profiler, and integrated sensor

are inputs to the fusion algorithm through open protocol communication (OPC). The
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Figure 4.6: Sample 10-hour sensor fusion interface level estimation with corresponding
computer vision and DP cell results.
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Figure 4.7: Sample sensor fusion and computer vision integrated system GUI.

integrated algorithm computes both the sensor fusion and computer vision results at

the application computer. Then two types of estimations are communicated through
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OPC to the DCS in industry. The video stream with two level indicators (red line
and blue line) is transmitted to a web server that can be visualized from the control
room. In the initial stage of implementation, only DP cell measurements are imported
through OPC. Thus, in this section, sensor fusion simulations using only industrial
DP cell measurements and computer vision results are reported, and the updated
implementation architecture of sensor fusion and computer vision integrated system
is shown in Figure 4.8. The computer vision results when they are reliable are used
to recursively calibrate the DP cell parameters. The following equation is applied to

provide interface level estimates:
Yy = oy + bias, (4.6)

The factory acceptance test (FAT) was performed in the CPC IRC lab at the Uni-
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Figure 4.8: The updated implementation architecture of sensor fusion and computer vision
integrated system.

versity of Alberta using industrial data. The lab experimental set up is illustrated in
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Figure 4.9. The monitor is used to display real industrial sight glass vision videos.
The camera is utilized to capture video frames, which are sent to the application com-
puter, where the updated software calculates both original computer vision results

and sensor fusion estimation reults of the interface level.

Figure 4.9: Industrial environment simulation setup in the CPC IRC lab at the University
of Alberta.

Figure 4.10 shows a two-hour simulation with industrial data. The first subplot
shows the original computer vision results, DP cell measurements, and the sensor
fusion results. The second and third subplots indicate the corresponding quality and
reliability indices of computer vision estimation. The red dashed ellipses indicate the
low-quality condition, which is mainly due to interface crossing sight glasses. Over
this period, the quality index falls below the threshold for around half an hour, and
the computer vision freezes itself by holding on the last reading of the interface. In-
stead of holding the last reading as computer vision does, the sensor fusion approach
uses the latest calibrated fusion parameters as well as DP cell measurements to con-

tinuously providing interface level estimation. The corresponding video images are
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illustrated in Figure 4.11. From Figure 4.11a to 4.11c, the computer vision results

Interface level estimations
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Figure 4.10: Simulation example with sight glass blocking and transition region problems.

keep as a constant, and background color of estimation value becomes yellow, in-
dicating low-quality condition. During this period, the sensor fusion takes over to
provide dynamic interface level estimation. In Figure 4.11d, the background color
of the computer vision results change back to green, indicating high quality index,
and the computer vision estimation becomes reliable again. Then the fusion param-
eters will start updating according to the reliable computer vision results. In Figure
4.10, the blue dashed ellipse indicates the low-reliability condition, which is caused
by maintenance activities. The corresponding scenarios are shown in Figure 4.12.

From Figure 4.12a to 4.12d, the operator was doing check and maintenance on the
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Figure 4.11: Sensor fusion and computer vision integrated system GUI displays under
the low-quality (transition region) condition.

PSC, and the sight glass visions are completely or partially blocked. In this case, the
camera fails to capture informative images and computer vision system is not able
to perform calculations normally. The background color of computer vision results
becomes red indicating low-reliability condition and the estimated interface level re-
mains unchanged. Over this period, the sensor fusion continuously providing reliable
estimation of interface level.

Another two-hour industrial environment simulation, which corresponds to the
sight glass stains, is performed. The result is shown in Figure 4.13, in which the red
dashed ellipse marks the low-quality period due to stains on the upper sight glass. The

corresponding video images are shown in Figure 4.14. From Figure 4.14a to 4.14d,
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Figure 4.12: Sensor fusion and computer vision integrated system GUI displays under
the low-reliability (operator maintenance) condition.

the interface level increases from the middle sight glass to the upper sight glass,
where the vision is partially blocked by stains. In this condition, the camera cannot
capture clear movement of the interface, and hence gives low-quality indication and
result in constant estimation value. However, the sensor fusion results move smoothly
across the two sight glasses without being affected by the stains and provide reliable

estimation of the interface level.

4.4 Conclusion

A sensor fusion strategy is proposed and integrated with the image processing based

computer vision system for froth-middlings interface level estimation. Under normal
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Figure 4.13: Simulation example with sight glass stains.

conditions, the reliable computer vision results are used as references to recursively
calibrate the fusion parameters of other sensors. Under abnormal scenarios, instead
of freezing interface level estimation, the latest calibrated fusion parameters are used
to provide reliable interface level estimation results. Through a number of prediction
tests, the sensor fusion results are demonstrated to be reliable alternative estimates in
abnormal conditions of computer vision system. The FAT concludes that the sensor
fusion and computer vision integrated system is able to provide more robust and

reliable interface level estimation.
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the low-quality (stains) condition.
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Chapter 5

Conclusions

5.1 Summary of Thesis

In this thesis, multirate sensor data fusion problem in presence of model inaccuracies
and violations of noise assumption is considered. The DNEKEF approach is proposed,
which utilizes two neural networks to compensate for inadequate process knowledge
through simultaneous state and parameter estimations. In the DNEKF, the neural
network outputs are used to improve state estimation and output predictions, while
the neural network parameters are trained through state vector augmentation. By
fusing frequent but less accurate measurements and infrequent but accurate measure-
ments, the DNEKF provides a multirate neural network parameter update strategy
to achieve more accurate sensor fusion results. Numerical examples and an industrial
case study prove that the DNEKF method is able to compensate for model deficien-
cies and deviations from noise assumption effectively and provide more reliable fusion
results.

Additionally, infrequent measurements are usually sampled irregularly and are
available after time-varying time delays. The EKF based parallel fusion that is utilized
in the DNEKF is no longer applicable due to measurement time delays. To address
irregularity and time-varying time delays while preserving fusion performance, the
DNEKF and SNEKF synchronization fusion approach is proposed. In this proposed

approach, the DNEKF algorithm is applied to regular frequent estimation to improve
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state and output predictions, and the SNEKF is applied to irregular infrequent estima-
tion. The two estimates are then fused in the fusion center when irregular infrequent
measurements become available. It is worth noticing that the proposed method does
not require to know the delay time in advance. Numerical examples and an industrial
case study demonstrate that the proposed synchronization fusion approach provides
more reliable state estimation at a frequent sampling rate in presence of model errors,
violations of noise assumption, and delayed infrequent measurements.

The froth-middlings interface level of PSC is a critical quality variable to oil sands
extraction operation and can be measured in several ways. Among them, the com-
puter vision system, which uses a camera to track interface level through sight glass
visions, is considered the most accurate. However, abnormalities such as sight glass
vision blocking and sight glass transition regions will prevent the camera from cap-
turing the clear interface level. Under such conditions, the computer vision system
will hold the last estimate until clear interface level is tracked again. To solve this
problem, a simplified version of sensor fusion approaches, which recursively updates
fusion parameters using reliable computer vision results, is proposed for implemen-
tation. Industrial environment simulations demonstrate the advantages of the sensor
fusion and computer vision integrated system, and the implementation strategy is

proved to be effective through FAT.

5.2 Recommendations for Future Work

In this section, a few recommendations about directions that are worthy of future

investigation based on current results are listed.

e In Chapter 2, combination of the simple feed-forward neural network and the
EKF are made to improve multirate sensor fusion performance. In the future,
combinations of the recurrent neural network (RNN) and the convolutional

neural network (CNN) with other nonlinear filters such as the unscented Kalman

5



filter (UKF) and the particle filter (PF) can also be used to further improve

fusion accuracy and robustness.

In chapter 3, random time delays following uniform distributions are considered.
Delay with other distributions such as the Poisson distribution and the Dirichlet
distribution can be considered for general applications. In addition, the weights
and biases of employed neural networks for the DNEKF and the SNEKF are
estimated through state vector augmentations. Other parameter estimation
methods such as gradient decent can be applied to estimate the neural network

parameters as well.

In chapter 4, the initial industrial implementation test is performed. In the
future, profiler and integrated sensor readings can also be imported to the in-
dustrial system through OPC to perform a more comprehensive sensor fusion.
Finally, after tests, the sensor fusion and computer vision results can be inte-
grated into one single estimate to give a more robust and accurate interface

level estimation.
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