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Preface

Zinc hydrometallurgy process is a typical metallurgical process, which involves
the transformation from low-grade raw minerals to very high-grade metal prod-
ucts. For the zinc hydrometallurgy process, the transformation from zinc con-
centrate ore to pure zinc metal is gradually realized through interconnected unit
processes, mainly including roasting, leaching, purification, and electrowinning,
where various physicochemical reactions take place. Understanding the com-
plex process dynamics and making appropriate optimization or control decisions
according to the feeding and reaction conditions are essential in guaranteeing the
product quality and reducing the production cost. In contrast, manual operation
is subjective and relies on individual experience, which can lead to large fluctua-
tions and low utilization rates of valuable mineral sources. With the shrinking of
high-grade mineral resources, more fierce global competition, and more strin-
gent environmental regulations, the necessity of applying process automation
and control technologies to achieve green and efficient production has been fully
realized by the metallurgical industry. In the era of the Fourth Industrial Rev-
olution, the demand of smart manufacturing will promote the development of
process automation and control technologies to a higher level.

In the past 30 years, the authors’ research group is dedicated to research
on the modeling, control, and optimization for the nonferrous metallurgical
processes. By insisting the tradition of conducting substantive work from the
perspective of both theory and practice, the research group extracts scientific and
engineering problems from practical production process and explore effective
solutions. These solutions have played a positive role in promoting the automa-
tion level and production efficiency in nonferrous metallurgical plants. This
book summarizes the authors’ previous work on the modeling and operational
optimization of the solution purification process of a real zinc hydrometallur-
gical plant and also presents some recent theoretical studies on the controller
design of metallurgical reactors. By taking the purification process as the re-
search object, this book provides an overview of how to combine the knowledge
of related disciplines to realize the description of process dynamics and the op-
timization of operational variables for practitioners as well as graduate or senior
undergraduate students. In particular, this book emphasizes the following top-
ics: (1) how to apply metallurgical knowledge to study the reaction mechanism,

Xi



xii Preface

(2) how to describe and model the process dynamics, (3) how to design an op-
timization framework based on an analysis of the characteristics of the process
flow, (4) how to estimate key process indicators by reconstructing online mea-
surements, and (5) how to adjust manipulated variables using machine learning
or control approaches.

The book is divided into four parts. Part [ (Chapters | and 2) presents the
research background. In Chapter 1, typical zinc hydrometallurgy technologies,
including the roasting-leaching-electrowinning technology and the atmospheric
direct leaching zinc hydrometallurgy technology, are introduced. The functions
of each unit process are introduced, in which the solution purification process
is introduced in more detail. In Chapter 2, the challenges in the modeling and
optimal control of the solution purification process are first analyzed. A com-
prehensive and in-depth discussion of process modeling is presented. Then,
an integrated modeling framework and a cooperative optimization and control
framework are proposed. Part II (Chapters 3 through 5) presents the modeling,
optimization, and control of the copper removal process, which is a unit pro-
cess of the solution purification process. First, in Chapter 3, the copper removal
process is abstracted and modeled as a competitive-consecutive reaction sys-
tem. Then, Chapters 4 and 5 provide approaches to estimate and adjust the zinc
powder dosage of each reactor. Part III (Chapters 6 through 8) presents the mod-
eling, optimization, and control of the cobalt removal process, which is another
unit process of the solution purification process. The relationship between the
oxidation—reduction potential and the reaction rate is studied in Chapter 6, based
on which the kinetic model of the cobalt removal process is built. Then, accord-
ing to the characteristics of the cobalt removal process flow, i.e., the process is
composed of multiple cascaded reactors, a “gradient optimization” strategy is
proposed in Chapter 7. Chapter 8 presents some theoretical studies on the con-
trol of the cobalt removal reactor under different working conditions. Part IV
includes Chapters 9 and 10. Chapter 9 briefly introduces the development of
control systems of the solution purification process. Chapter 10 summarizes the
book and presents a discussion on some potential research directions.
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1.1 Overview

Zinc is an important and commonly used nonferrous metal [1]. The annual con-
sumption of zinc is ranked third among all nonferrous metals, after only copper
and aluminum. The chemical symbol of zinc is Zn, which has its roots in Latin,
“Zincum,” meaning white thin layer or white deposit. The color of zinc metal
is silver-white mixed with light blue-gray. The atomic weight and atomicity of
zinc are 65.409 and 2, respectively [2]. The densities of solid zinc and liquid zinc
are 7.14 g/cm?> and 6.62 g/cm?, respectively. In the periodic table of elements,
zinc is the 30th element, which is one of the forth period elements, or group 12
elements. In a zinc atom, the first, second, and third shells are filled with elec-
trons. The forth shell has two electrons located on the 4s orbital. Therefore, all
the electron orbitals of zinc are fully filled. Due to its special atomic structure,
zinc is chemically active, and has excellent mechanical and physicochemical
properties, e.g., malleability, abrasive resistance, low melting point and good
melt liquidity, anticorrosion property, etc. Owing to the above properties, zinc
has been widely used in various fields contributing to the national economy, es-
pecially in the auto industry, construction industry, shipping industry, and light
industry [3].

Zinc seldom exists in the elemental form in nature. Instead, it normally exists
in combination with other base metals such as copper and lead in various kinds
of zinc ores, e.g., sphalerite, smithsonite, zincite, willemite, and hemimorphite,
most of which are zinc sulfide ores. Zinc has been used with other metals in
the form of alloy for several thousand years, e.g., brass, which is an alloy of
zinc and copper, and bronze, which is an alloy of zinc and tin [4]. Before the
invention of hydrometallurgy technologies, metals were produced using high-
temperature processes. As the boiling point of zinc (907°C) is lower than that
of most common metals (copper, aluminum, iron, lead), it is converted into zinc
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vapor and escapes before these associated metals are obtained. Therefore, zinc
can hardly be observed. The production of elemental zinc became possible after
the invention of gas condensation technology. Since then, the production of zinc
has started in many countries (see [3] for more details), and was included in the
list of elements as a metal element by Antoine-Laurent de Lavoisier in 1789.

Essentially, the production of pure zinc metal involves the extraction of spe-
cial high-grade (SHG, 99.995% purity) metallic zinc from zinc ores. Zinc pro-
duction technologies are designed according to the physicochemical properties
of zinc, which usually contains multiple stages. Each stage includes different
tasks and produces a certain intermediate product. Zinc ore is gradually trans-
ferred into zinc metal via these stages. Pyrometallurgy and hydrometallurgy are
the two main approaches to produce zinc. Zinc pyrometallurgy technology can
be traced back to the 1020s. It had long been the main zinc production tech-
nology before the invention of zinc hydrometallurgy technology, which was
commercialized in the 1910s. Compared with zinc hydrometallurgy, zinc py-
rometallurgy has disadvantages like more serious environmental pollution and
higher energy consumption. Therefore, most zinc pyrometallurgy technologies
are retired, except imperial smelting process (ISP) technology, electric fur-
nace zinc smelting, and some other improved zinc pyrometallurgy technolo-
gies. Nowadays, zinc hydrometallurgy is the main approach in zinc production
[5][6]; more than 85% of the world’s zinc is produced by zinc hydrometal-
lurgy.

In zinc hydrometallurgy plants, the objective of routine operation is to keep
each stage running under appropriate conditions, thus to:

e Guarantee the quality of both intermediate and final products.

e Sustain the stability of the process.

e Increase the recovery rate of zinc and all the associated valuable metal/non-
metal elements.

e Minimize the overall production cost and environment effects.

To achieve this aim, numerous researchers from the metallurgy community
have conducted studies on the reaction mechanism of the zinc hydrometallurgy
process via laboratory/pilot plant-scale experiments or analyzed the resultant
samples from real plants. These studies mainly include:

e Deduction of the reaction type [8].
e Construction of process models [10].
e Investigation of the influence of process variables on the technical indices [9].
e Determination of suitable reaction conditions [7].
These results can improve our understanding of process dynamics, promoting
the improvement and innovation of technology and providing guidance for the
daily operation and optimal control.

With the shrinking of high-grade zinc ore resources and fierce global com-
petition among zinc smelting enterprises, zinc concentrates of a zinc smelting
plant are purchased from different mines to optimize the supply of raw materials.
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(c) Zinc ingots

FIGURE 1.1 Zinc ore and zinc ingots.

These different concentrates have different grades and physicochemical prop-
erties, which can be recognized from the color of the concentrate in different
proportioning bins, as shown in Fig. 1.1. Therefore, the composition of feed-
ing material is intricate and tends to suffer from fluctuations. This gives rise to
more complex reactions and variation of process dynamics. However, the qual-
ity of the final zinc product must meet the standards. More specifically, metal
impurities directly affect the mechanical properties of the zinc product, which
should be removed to safe levels in the solution purification stage. Therefore,
the understanding of process dynamics and reasonable determination of manip-
ulated variables of the solution purification process are of vital importance in
zinc hydrometallurgy, which is the main concern of this book.

1.2 Zinc hydrometallurgy technologies

Zinc hydrometallurgy technology involves the use of aqueous solutions to re-
cover zinc from zinc ores [11]. According to the literature, the first published
research on zinc hydrometallurgy dates back to 1871. Since then, zinc hydromet-
allurgy technology has undergone three stages of development.
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(i) The first stage was from the late 19th century to the middle of the 1910s.
During this period, the zinc hydrometallurgy technology was in the labora-
tory stage. The main activities in this stage were the experimental studies
of subprocesses of zinc hydrometallurgy, e.g., in 1871, de Boisbaudran ob-
served that cobalt cementation occurred if metal ions easily reducible by
zinc (e.g., Cu?t) were presented in the solution [8].

(ii) The second stage was from the middle of the 1910s to the 1960s. Dur-
ing this stage, the zinc hydrometallurgy technology became more mature
and was commercialized. In the First World War (1914-1918), the de-
mand of cartridge brass accelerated the development of large-scale zinc
hydrometallurgy production technology. The hydrometallurgical zinc elec-
trowinning process, or roast-leach-electrowinning (RLE) zinc production
technology, was put into practice in North America in the middle of the
1910s, including Cominco in Trail, British Columbia and Anaconda in
Montana. Now, the RLE technology and its varieties account for more than
85% of the total zinc production [12].

(iii) The third stage is from 1960s to now. In this stage, the zinc hydrometal-
lurgy technology keeps improving, and the yield of zinc hydrometallurgy
gradually surpasses that of zinc pyrometallurgy. The recovery of associated
valuable metal/nonmetal elements is also considered in the technological
improvements. A milestone was the invention of a series of iron removal
technologies in the 1960s, e.g., the goethite process, hemmatite process,
and jarosite process [ 13]. The separation of zinc and its associated elements
increased the quality of the final zinc product and decreased the content
of zinc in residues. Therefore, the overall zinc hydrometallurgy process
contains not only the main steps to produce zinc metal, but also other
secondary steps to produce by-products, e.g., residues of iron, copper, cad-
mium, cobalt, and sulfur, which are then further refined. In addition, the
pressure leaching of zinc sulfide concentrates was developed in this stage.
In the conventional RLE process, the zinc sulfide concentrate has to be
roasted to zinc oxide before leaching, so technically, the RLE process is
a combination of pyrometallurgy and hydrometallurgy. In the 1970s, re-
search on the “direct leaching” technology started [14]. In direct leaching,
zinc sulfide concentrate is directly processed to liberate zinc ions without
roasting [15]. The overall process then becomes a fully hydrometallurgi-
cal one [16][17]. The atmospheric direct leaching zinc hydrometallurgy
technology is the most advanced commercialized zinc hydrometallurgy
technology at present.

Besides the evolution of zinc hydrometallurgy technology, driven by the
development of information and communication technology (ICT), distributed
control systems have been installed to monitor and control zinc hydrometallurgy
plants. In recent years, with the global trend of smart and intelligent manu-
facturing as well as more strict requirements on the recovery rate, production
efficiency, and product quality, more advanced process control approaches are
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being applied to zinc hydrometallurgy processes for stable and economical pro-
duction.

1.2.1 Roasting-leaching-electrowinning zinc hydrometallurgy
technology

The RLE process is the conventional zinc hydrometallurgy technology. It is
generally composed of five major steps, i.e., roasting, leaching, solution purifi-
cation, electrowinning, and casting. As shown in Fig. 1.2, the existing form of
zinc experiences complex transitions from complex zinc ore to pure zinc metal.
First, zinc concentrate is transformed to zinc oxide in the roasting process. Then,
in the leaching process, the solid oxidized concentrate ores are treated in sulfuric
acid solution in order to liberate the valuable metal ions from concentrate ores.
Due to the impurity and heterogeneity of the concentrate ores, the other asso-
ciated metallic ions in the concentrate ores are simultaneously dissolved into
the acid solution. Therefore, the resulting leaching solution contains ions of im-
purity metals harmful to the electrowinning process in which the pure valuable
metal is recovered by electrodeposition. The recovered zinc metal is then casted
into final zinc products with different specifications, e.g., zinc ingot.

Zinc . Zinc
concentrate Zine ———- Spentadd - product
— calcine e — —— .
| Roasting |—>| Leaching |—>| Purification |—>| Electrowinning |—>| Casting |
} SO,
Acid Leaching Purification
making residue residue

FIGURE 1.2 RLE process.

1.2.1.1 Roasting process

Zinc sulfide is the main content of zinc concentrate. It is insoluble in sulfide
solution, and cannot be directly used as the feed of the leaching process. There-
fore, as the first step of the RLE process, the task of roasting is to convert zinc
concentrate to calcine. The calcine is mainly composed of zinc oxide, which is
solvable in leaching solution. As shown in Fig. 1.3, the roasting is usually car-
ried out within a roaster. The zinc concentrate is fed to the roaster via a thrower.
Air is blown from the bottom of the roaster to conduct the following reactions
with zinc sulfide:

ZnS + 1.502 — ZnO + SOy,
ZnS + 207 — ZnSOy,
2FeS; + 5.50, — FepO3 +4S0,,
7Zn0 + Fe, O3 — ZnFe,Oy4.
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To acid-making
process

Concentrate bin

(ZnS) /_\
Disk Zinc
feeder roaster

Fluidized bed
A \

concentrate
b 1A1r @ input ZIH?C To leaching
ower calcine process

(ZnO)

FIGURE 1.3 Roasting process.

The resultant SO, is delivered to the acid-making process. Calcine and roasting
dust are collected and fed to the subsequent leaching process.

The technical indices of the roasting process include the content of soluble
zinc and insoluble sulfide, which largely rely on the oxidation atmosphere or
the temperature inside the roaster. The roasting temperature should be within
reasonable range. As the above reactions are highly exothermic, the feeding
rate and composition (i.e., content of zinc, lead, and silicon) of zinc concentrate
directly affect the roasting temperature. Therefore, in practice, the roasting tem-
perature is mainly controlled by adjusting the feeding rate of zinc concentrate.
The blast volume, which also affects the roasting temperature, is usually fixed
to maximum to guarantee high yield.

1.2.1.2 Leaching and purification processes

In the leaching process, dilute sulfide solution or spent acid from the electrowin-
ning process is used as solvent to dissolve the zinc in calcine, such that the zinc
ions are liberated and enter the solution. There are various types of leaching
technologies, depending on the reaction conditions and number of stages. Each
stage is composed of several leaching reactors. The leaching solution of the last
stage is recycled to the first stage to form a leaching circuit (Fig. 1.4). For all the
leaching technologies, the main chemical reaction involved is

Zn0O + H,SO4 — ZnSO4 + H,0.
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Zmnc
calcine
e s ——— - |
Spent acid . . | . .
. - Leaching Leaching . . Purified zinc
Mixed solut . L .
xedsolution : i» (Stage 1) | | i (Stage2) |i| Purification |=> sulfate solution
|
&-_--_--Ij_-j_-j_-l--_--_--_--_--_--_'l
v
Leaching Purification
residue residue

FIGURE 1.4 Leaching and purification process.

1# Bin 2# Bin 3# Bin 4# Bin 5# Bin 6# Bin
(Zn0O) (Zn0O) (Zn0O) (ZnO) (ZnO) (ZnO)

To purifiction

|
?ﬁ' process

0, 0, To acid-leaching
blower blower process

FIGURE 1.5 Leaching process.

The technical index of the leaching process is the zinc leaching rate. According
to the thermodynamics and kinetics of the leaching process, the leaching rate is
mainly determined by the concentration of hydro ions or the pH of each reactor.
As shown in Figs. 1.4 and 1.5, leaching is the intersection of the solid-phase pro-
cess (roasting) and the liquid-phase process (leaching, purification, electrowin-
ning). In addition, spent acid from the electrowinning process and the mixed so-
lution from various processes are recycled to the leaching process. The feeding
conditions of the leaching process are uncertain and fluctuate frequently. There-
fore, the pH value of each reactor must be controlled within appropriate ranges.

As zinc concentrate is not pure, zinc calcine obtained by roasting contains
not only ZnO but also compounds of other elements, e.g., Fe, Si, and As. In the
leaching process, besides the extraction of zinc ions, these impurity ions are also
liberated and enter the leaching solution. Part of these impurities are deposited
in the leaching process, e.g., Fe and Si. The precious metal residue is collected
for further refining. The remaining impurities in the leaching solution, which
have to be processed using specific technology, are removed in the subsequent
purification process, which is introduced in more detail in Section 1.3. After
leaching and purification, the zinc sulfate solution is of high purity.
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Zinc sulfate
solution

| Cooling
. towers
. a Spent

electrolyte [8] Q, O -0 B Pump

Flow /

meter

Zinc sulfate
solution tanks

Mixing|cell Spent electrolysis
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Electrolysis cell Qs Spent
electrolyte tanks

FIGURE 1.6 Electrowinning process.
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FIGURE 1.7 An electrolytic cell.

1.2.1.3 Electrowinning process

The zinc electrowinning process consists of several series of electrolytic cells
which extract pure metal zinc from electrolyte (zinc sulfate solution) (Fig. 1.6).
An electrolytic cell is composed of a cathode (aluminum plate) and an anode
(plate of lead-silver alloy) (Fig. 1.7). By running a direct current through the
cell, electrons are transferred between the anode and the cathode. A hydrolysis
reaction takes place on the anode; OH™ loses electrons and releases oxygen,

H,O0—- H"+OH,

1
20H™ —2e - H,O+ 502 T,
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while zinc ions take up electrons and are gradually deposited on the surface of
the cathode,

Zn*t +2e—>7Zn} .

The overall reaction is
1
7ZnSO4 4+ HO — Zn | +H>SO4 + 502 1.

The deposited zinc on the plate is stripped periodically, which is casted as ingot
or other zinc products in the casting process. In the electrowinning process,
the conversion from zinc ions to solid zinc metal is driven by electric energy.
Therefore, the zinc electrowinning process is energy consuming. It accounts for
approximately 70% of the overall energy cost of the zinc production process.

1.2.2 Atmospheric direct leaching zinc hydrometallurgy technology

Atmospheric direct leaching zinc hydrometallurgy technology (the ADL process
hereafter) is a fully hydrometallurgical process (Fig. 1.8). The main differences
between the RLE process and the ADL process include:

(i) Elimination of the roasting process: In the ADL process, the roasting pro-
cess is eliminated. Zinc sulfide concentrate is grinded to fine particles and
fed directly to the leaching process.

(ii) Modified leaching process: In the ADL process, oxygen is blown into the
leaching process to oxidize zinc sulfide. The leaching reaction takes place
at high temperature and using iron ions as catalyst:

ZnS + HSO4 + 0.50, — ZnSO4 + H,O + S.

(iii) Recovery of sulfur: Most of the zinc concentrate is zinc sulfide concentrate.
In the RLE process, SO; is the resultant of the roasting process, which is
then utilized to produce acid. In the ADL process, sulfur is recovered from
the leaching residue via sulfur flotation.

Zinc Spent acid Zinc
ent aci
concentrate . === pentacid_ _ _ _ _ _; product
4
| Grinding qu Leaching |—>| Purification |—>| Electrowinning |—>| Casting |
Y
Sulfur Purification
flotation residue
Sulfur

FIGURE 1.8 Atmospheric direct leaching zinc hydrometallurgy technology.
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1.3 Solution purification process

The solution purification process is a bottleneck step among all the production
stages of zinc hydrometallurgy. As discussed in the previous section, the elec-
trowinning process is energy consuming. The presence of impurity metal ions
would degrade the product quality and greatly decrease the efficiency of the
electrowinning process [8], increasing the production cost. In some cases, the
existence of impurity metal ions even threatens the production safety. There-
fore, the impurities remaining after leaching must be purified to certain ranges
before electrowinning.

Due to the complexity of zinc concentrate, there exist various types of im-
purities in the leaching solution. Therefore, the solution purification process is
composed of different stages. Each stage removes a particular type of impurity
using specific technology. In most zinc hydrometallurgy plants, the solution pu-
rification process consists of three stages, i.e., copper removal, cobalt and nickel
removal, and cadmium removal. These three stages are shown in Fig. 1.9.

Leaching —,| Copper | | Cobalt Ll Cadmium L, Zinc sulfate

solution removal removal removal solution
Copper Cobalt Cadmium
residue residue residue

FIGURE 1.9 Solution purification process.

These impurities are removed by adding zinc powder under specific reaction
conditions. Via a replacement reaction, the electrons in zinc are transferred to
the impurities, which are then cemented on the surface of the zinc powder par-
ticles. Among the impurities, copper ions have the highest activity. Therefore,
copper removal is the first stage. As copper ions can promote cobalt removal,
the aim of the copper removal process is not to remove all the copper ions, but
to control the copper ion concentration in a certain range. Cobalt removal is the
second stage. Cobalt ions are most detrimental to the electrowinning process,
and cobalt removal is the most difficult among the three impurities. Catalysts
and high temperature are required to enable cobalt removal. As cobalt and nickel
have similar physicochemical properties, they are handled in the same stage and
removed using the same technology. The concentration of cobalt ions is higher
than that of nickel ions. Therefore, the cobalt and nickel removal process is re-
ferred as the cobalt removal process for brevity. The third stage is cadmium
removal. Compared with copper and cobalt, cadmium has less influence on the
efficiency. It mainly affects the quality of the zinc product. In some plants, cad-
mium removal is incorporated in the copper or the cobalt removal process. The
operational optimization of purification processes includes the determination of
zinc powder dosage and the configuration of reaction conditions, such that the
production cost is minimized and the technical requirement can be guaranteed.
However, due to the comprehensive complexity of the purification process, the
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operational optimization of the purification process is challenging. Consider-
ing the importance of the three stages, this book mainly concerns the modeling,
optimization, and control of copper removal and cobalt removal processes.

1.4 Organization and scope of text

This book includes 10 chapters, which are organized in four different parts.

Part I includes Chapters | and 2. This part presents the background of the
entire book. In Chapter 1, the basic facts, physicochemical properties, and ap-
plication fields of zinc are introduced. Main zinc hydrometallurgy technologies
and a brief outline of the development of zinc hydrometallurgy technology are
discussed.

In Chapter 2, the characteristics of the solution purification process and the
challenges in the modeling, optimization, and control of the solution purification
process are first analyzed. Then, the general modeling and optimal framework
of the solution purification process is illustrated.

Part II includes Chapters 3, 4, and 5. This part presents the modeling, opti-
mization, and control of the copper removal process.

In Chapter 3, the flow sheet of the copper removal process is first illus-
trated. Then, the reaction kinetics of two main chemical reactions in the copper
removal process are studied, which form a competitive-consecutive reaction
system. Based on the kinetic study, the model structure of the copper removal
process is constructed, and the model parameters are identified using an intelli-
gent optimization approach.

In Chapter 4, in order to estimate the zinc powder dosage of each reactor, an
additive requirement ratio estimation approach using trend distribution features
is proposed.

In Chapter 5, a real-time zinc powder dosage adjustment approach based
on the oxidation—reduction potential (ORP) is proposed. The copper removal
performance is evaluated by analyzing the ORP, which can be measured online.
The concept of controllable domain is proposed, according to which different
fuzzy adjustment rules are extracted.

Part III includes Chapters 6, 7, and 8. This part presents the modeling, opti-
mization, and control of the cobalt removal process.

In Chapter 6, an integrated modeling framework is devised. The reaction ki-
netics of the cobalt removal process which involves multiple electrode reactions
is studied in detail. Especially, the relation between the ORP and reaction rate
is revealed.

In Chapter 7, an intelligent optimal setting control strategy for the cobalt
removal process is proposed. A gradient optimization strategy under normal
working conditions and a CBR-based adjustment strategy under abnormal work-
ing conditions are studied.

In Chapter 8, two control approaches to determine the zinc powder dosage
under different working conditions are proposed. A robust adaptive controller
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for working conditions with known model parameters but model-plant mis-
match is designed. A model-free control based on adaptive dynamic program-
ming is proposed for working conditions with unknown model parameters.

Part I'V includes Chapters 9 and 10. This part presents the application, sum-

marizes the entire book, and discusses future research directions in the modeling
and optimization of the solution purification process in the context of smart and
optimal manufacturing.
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2.1 Problem analysis

The control performance of the solution purification process directly affects the
normal functioning and the economical benefits of zinc hydrometallurgy. In the-
ory, the chemistry of the solution purification process is easy to understand, i.e.,
using zinc powder to replace the impurities under appropriate reaction condi-
tions. However, in practice, the economical and stable operation of this process
is difficult to achieve, especially in plants with a low automation level and intri-
cate mineral supplies. Owing to the complex process dynamics and the absence
of cheap and reliable online equipment for the detection of metallic ions, opera-
tors prefer to handle the solution purification process in a conservative manner,
i.e., by using an excessive amount of zinc powder to achieve the required purifi-
cation performance. Nevertheless, this conservative operation is noneconomical
as well as not completely rational. Excessive amounts of zinc powder may cause
a local increase in pH and deteriorate the reaction conditions, which could in
turn lead to failure in purification. As the design of a reasonable control strategy
of an industry process relies on deep understanding of the production technol-
ogy, control objective, and reaction kinetics, the characteristics of the solution
purification process are first analyzed in this section.

Modeling, Optimization, and Control of Zinc Hydrometallurgical Purification Process 15
https://doi.org/10.1016/B978-0-12-819592-5.00011-9
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2.1.1 Challenges in the modeling of the solution purification
process

As introduced in Section 1.3, the solution purification process is composed of
several impurity removal stages. Each impurity removal stage consists of mul-
tiple continuous stirred tank reactors and auxiliary equipment such as storage
tank, thickener, and pressure filter. The number of reactors varies in different
impurity removal stages. Without loss of generality, impurity removal is con-
ducted in consecutive continuous stirred tank reactors, and zinc powder is used
as an additive to replace the target impurity under the assistance of a catalyst,
as shown in Fig. 2.1 (B means zinc powder bin, R means reactor, W means
weight belt, ST means storage tank, TH means thickener, PF means pressure
filter, H means heat exchanger, P means pump).

¥ oy
Inet O%D O%D a0 EJ;D Eﬂ
solution o =

R1

R4 RS

PF1
ﬁ:? I Purified
v st T | solution,

@ -

Residue

FIGURE 2.1 An impurity removal process.

In each impurity removal stage, the chemical foundation of impurity removal
is a replacement reaction between zinc powder and impurity ions, which can be
expressed as

aZn + bIm™t — aZn™* + bIm, 2.1)

where Zn is zinc powder, Im is the impurity metal, a, b, m,n € N4, and bm =
an [1]. Zinc powder is used for two reasons:

e Zn is chemically more active than Cu and Co.
e To avoid adding another impurity.

Reaction (2.1) takes place in each reactor. If there is no redissolution of the
impurity, then the impurity ion concentration decreases along the cascaded re-
actors. By replacement, the impurity is cemented on the surface of zinc powder,
forming particles of alloys or metal compounds. Therefore, the concentration
of impurity ions in the solution is decreased. The particles of alloys or metal
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compounds are separated from the solution in the thickener. The particles set-
tle down and are recycled to the first reactor. The reasons for the recycling of
underflow include:

e These particles contain unreacted zinc powder.
e These particles can act as crystal nuclei to promote impurity removal.

The supernate of the thickener then flows to a storage tank. Then, the solution
is further purified using a pressure filter. Finally, the solution flows to next stage
to remove another impurity. Although all impurity removal processes share
the same chemical foundation, the reaction conditions are different in differ-
ent stages. For example, in the cobalt removal process, the inlet solution is first
heated to approximately 80°C, spent acid is supplied to maintain a suitable pH
of the solution, and catalyst is added to enable the occurrence of the cobalt re-
moval reaction. However, in the copper removal process, it is not required to
heat the inlet solution.

The operation of an impurity removal stage involves the determination of
appropriate reaction conditions and zinc powder dosage of each reactor. Rea-
sonable operation of an impurity process relies on a deep understanding of the
process dynamics. However, the dynamics of an impurity removal process has
comprehensive complexity, which can be explained from two perspectives:

(i) Inherent complexity of process dynamics: On the one hand, reaction (2.1)
is only a simplification or abstraction of the main chemical reactions tak-
ing place in an impurity removal process. From a microcosmic perspective,
a chemical reaction is essentially a combination of microscopic reactions
between molecules. Each microscopic reaction corresponds to a reaction
stage of a multistep reaction. On the other hand, due to the heterogeneity
of the inlet solution, the chemical reactions conducted in the impurity re-
moval process are not unique. Besides the main reactions, the associated
elements/compounds in the inlet solution bring side reactions. These side
reactions happen simultaneously and interact with the main reactions in
a cooperative or competitive manner, as shown in Fig. 2.2. The process
dynamics is affected by the main and side reactions. As there are vari-
ous types of side reactions, their kinetics and the interaction mechanism
with the main reactions are only partially known. Therefore, the intricate
interactions between the main and side reactions give rise to the inherent
complexity of process dynamics.

(ii) Fluctuation of operating conditions: The impurity removal process can
be considered as a unit process of the zinc hydrometallurgy process. As
shown in Fig. 2.3, for a unit process, it interacts with other processes
through mass/heat transfers, recycling, or reentrances [2]. Therefore, the
inlet conditions of an impurity removal process are not constant and can
be affected by:
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FIGURE 2.3 Interactions among unit processes.

e Changes in the composition of zinc concentrate (if the composition of
zinc concentrate changes, then the species in the leaching solution are
different).

e Changes in the flow rate of inlet solution.

e Fluctuations of the species concentrations in the inlet solution.

e Plant-wide or local adjustment caused by malfunctions, maintenance,
etc.

The types of side reactions change with the composition of inlet solution.
In addition, the change in species concentrations of the inlet solution can
affect the proportions of main and side reactions. Moreover, the flow rate
of inlet solution determines the retention time of the solution in the reac-
tor, which affects the extent of reactions. However, an impurity removal
process is composed of not only the main chemical reactors, but also some
auxiliary equipments providing necessary reaction conditions, e.g., pH and
temperature. For example, in Fig. 2.1, the heat exchanger controls the
solution temperature. Chemical reactions exhibit different characteristics
under different reaction conditions; variation of reaction conditions can
hinder part of the reactions while promoting the rest. Therefore, different
combinations of inlet and reaction conditions can form different operating
conditions, exhibiting different process dynamics.

To summarize, the dynamics of an impurity removal process is complex and
hard to describe. Its dynamics is a synthetical result of the complex interactions
among the main reactions, inlet conditions, and reaction conditions, as shown in
Fig. 2.4. Therefore, modeling of an impurity removal process requires not only
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FIGURE 2.4 Interactions among the main reactions, the inlet conditions, and the reaction condi-
tions.

kinetic study of the main reactions, but also design of a framework accounting
for the complex interactions and time-varying features.

2.1.2 Challenges in the optimal control of the solution purification
process

The economical operation of an impurity removal process involves adjusting
the zinc powder dosage (oxidation—reduction potential) and reaction conditions
such that the requirement on key performance indicators (KPIs) is met in an
economical way, which include:

e The effluent impurity ion concentration of the last reactor is lower than a
predefined value.

e The zinc powder consumption is as low as possible.

e The values of outlet impurity ion concentrations of each reactor are as stable
as possible.

However, the stable and economical operation of an impurity removal pro-
cess encounters the following difficulties:

(i) Discrete-delayed measurement of KPIs: Concentrations of the impurities in
the leaching solution and the effluent solution of each reactor are key pa-
rameters in the determination of zinc powder dosage (oxidation-reduction
potential) and reaction conditions. However, online equipment for detecting
metallic ions is usually expensive, difficult to maintain in hostile production
environments, and not very reliable [3][4]. As a compromise, impurity ion
concentrations are usually determined periodically (the sampling period is
counted by hours) by a time-consuming artificial chemical assay. Therefore,
human operators cannot get access to the real-time information of impurity
ion concentrations.

(ii) Multiple operating conditions: In plants with jumbly mineral supplies, the
physical and chemical properties of zinc ores vary inevitably. In addition,
the operations in the preceding steps of solution purification may not always
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lead to satisfying results. As a consequence, the inlet conditions, which in-
clude the flow rate and types and concentrations of the impurities in the
leaching solution, are time-varying [5]. On the other hand, with limited
knowledge and information, the operators cannot always adjust the control
variables in accordance with the variation of inlet conditions. Thus, as a
synthesized outcome of the interlaced variations of inlet conditions, reac-
tion conditions, and manipulated variables, the solution purification process
exhibits various kinds of operating conditions. Further, under different op-
erating conditions, the solution purification process has different dynamics
and operation targets. Thus, inflexible control strategies are not suitable in
this circumstance.

The abovementioned difficulties prevent the operators from making optimal de-
cisions. In order to achieve the desired purification performance, an excessive
amount of zinc powder is usually added. However, the relationship between zinc
powder dosage and purification performance is not positively correlated. Redun-
dant zinc powder could react with hydrogen ions. This could increase the local
pH, resulting in the formation of basic zinc sulfate, which could stick to the
surface of zinc powder and hinder impurity removal. This indicates that conser-
vative operation manner is not completely rational. Therefore, a control method
that incorporates the online determination of impurity ion concentrations and
adapts to the variation of working conditions is required.

2.2 Modeling and optimal control framework

2.2.1 Process modeling based on fusion of reaction kinetics and
production data

For complex processes, modeling plays a fundamental role in understanding
process dynamics and process control operations. The application scenarios of
models include but are not limited to:

(i) Understanding of process dynamics: describing the physical and chemical
phenomena of a process under both steady and unsteady states, and repre-
senting the relationship between measured process variables and technical
indices.

(ii) Process monitoring: soft-sensing, fault detection and diagnosis (FDD),
control performance evaluation, etc.

(iii) Controller design and evaluation: developing a simulation environment to
test control strategies.

(iv) Operational optimization: determination of appropriate operation points
under different working conditions.

Modeling of a process is essentially deriving a set of mathematical formulations
to achieve the above functions. There exist various types of models. Ljung used
a palette of gray shades from white to black to categorize models [6]:
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e White model: first-principle models described by differential/algebraic equa-
tions (DAEz).

e Off-white model: white models with unknown or uncertain parameters de-

scribed by, e.g., state space models.

Smoke-gray model: semi-physical models.

Steel-gray model: models linearized around an operating point.

Slate-gray model: hybrid models, block-oriented models.

Black model: neural network, support vector machines (SVMs).

Essentially, all these models approximate the process dynamics by learning from
data, information, or knowledge related to the process, e.g., operation data, re-
action kinetics, first principles.

The model performance relies on the selection of an appropriate model
structure and effective utilization of operation data, reaction kinetics, and first
principles. These above models use different sources of data, information or
knowledge, and have their pros and cons. As the dynamics of the impurity re-
moval process are highly complex, it is difficult for a single model to describe
all the facets of process dynamics. Moreover, in the era of smart and optimal
manufacturing, a descriptive system should be able to not only act as a model
describing the process dynamics, but also:

e Act as a platform supporting digitalization and visualization.
e Systematically support process control applications.

Therefore, the design of a descriptive system and a corresponding modeling
framework is required. Such a descriptive system should be capable of support-
ing smart and optimal manufacturing, while the modeling framework should be
able to incorporate different types of model that increase the utilization rate of
data, information, and knowledge related to the process.

2.2.1.1 Definition of a comprehensive state space descriptive
system

If we only consider the main reactions of an impurity removal process, its nom-
inal dynamics can be derived by studying the reaction kinetics. The resulted
process model is a state space model with the states being the technical indices:

xo =f(x0, OF), (2.2)

where xo denotes the technical indices, f(-) is the nominal kinetic model, and
OF is the model parameters.

As shown in Fig. 2.5, the practical process dynamics of impurity removal are
an outcome of the interactions between main reactions, reaction conditions, and
inlet conditions. If taking the complex interactions into account, the dynamics
of the technical indices process can be expressed by

X0 = g(X0, X, XR), (2.3)
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where x1 and xR denote the inlet conditions and the reaction conditions, respec-
tively, and g(-) is a function representing the relation between Xo and Xo, X,
and xgr. Therefore, by augmenting xo with x; and xR, the original state space
containing only the technical indices can be extended to a “comprehensive state
space” (CSS) (Fig. 2.6) which explicitly includes more influencing factors of the
process dynamics. The comprehensive state space descriptive system is defined
as follows [7].

Comprehensive state space: Comprehensive state space is a three-dimensional
vector space with each dimension being the codes of:

Output states (xp): the controlled technical indices of an impurity removal
process, i.e., the outlet impurity ion concentrations of each reactor.

Inlet conditions (x1): the flow rate and composition/species concentrations of
the inlet solution.

Reaction conditions (xR ): the conditions under which the main and side reac-
tions take place, including temperature, pH, etc.
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FIGURE 2.7 Coordinate and attributes of a point in the comprehensive state space.

The three vectors Xo, X1, and xR are high-dimensional. In order to construct
a three-dimensional CSS, each of the three vectors has to be coded into a one-
dimensional variable [8]. This can be achieved if:

e FEach axis/dimension of the CSS is expressed as a code which is a combina-
tion of hexadecimal numbers.

e For each axis/dimension of the CSS, different parts of the code are assigned
to different elements of the original high-dimensional vectors.

As shown in Fig. 2.7, the axis of reaction conditions xR is composed of four
hexadecimal numbers, i.e., XR], XR2, Xr3, and Xg4, representing temperature,
flow rate of spent acid (times 10), flow rate of arsenic trioxide, and solid content
in the thickener, respectively. All these physical quantities have two digits, e.g.,
take the value of 80, 1.8, 130, and 120 respectively.

The CSS description system covers more influencing factors than the tradi-
tional state space composed solely of output states, which reduces the uncer-
tainty in modeling. In addition, as the three axes of the CSS are combinations
of hexadecimal numbers, the CSS descriptive system is a digitalized descrip-
tive system. As shown in Figs. 2.6 and 2.7, at each time point, xo, Xj, and
xR have their own values and correspond to the coordinate of a point in the
CSS. Moreover, one can assign different attributes to the point in the CSS, in-
cluding model structure, model parameters, working condition, control law, etc.
(Fig. 2.7). These attributes can describe the dynamics of a point in the CSS and
provide extra information supporting process control applications. Therefore,
for each point, its coordinate and associated attributes form a comprehensive
description [7].

The CSS descriptive system is a feasible option to support modeling and
smart and intelligent manufacturing of complex industry processes, which can
be explained from the following aspects [7].

(i) Comprehensive description ability: The practical dynamics of a process
is a synthesized outcome of the intricate interactions among main reac-
tions, inlet conditions, and reaction conditions. In the CSS, the controlled
technical indices X, inlet conditions Xy, and reaction conditions xR are in-
corporated in a three-dimensional coordinate system. Therefore, the CSS
descriptive system comprehensively covers the main influencing factors of
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the process dynamics. The variation of Xp against time is formulated as
a function of xo, xj, and xR. Therefore, considering the technical indices
xo(t1) = Xo(tp) for two time intervals [¢, ] + Af] and [to, tp + At], if the
initial values and variations of X; and XR are the same over these two time
intervals, then Xo(#] + At) =Xo (2 + At).

(ii) Digitalized nature: The three axes of the CSS are combinations of hex-
adecimal numbers. The attributes of a point in the CSS are either data,
information, or knowledge which can be obtained and stored in an at-
tribute database. So the CSS descriptive system is digitalized in nature.
The “coordinate-attributes” information of each point in the CSS is a digi-
talized description of the point. The operator can access the value of model
parameters, the type of working condition, and the configuration of the op-
timal controller of the process by obtaining the coordinate and searching
this information in the attribute database. The digitalized description con-
tains rich information about the dynamics of the process and can then be
used to develop a digital twin of the physical process.

(iii) Capable of visualization: In a sufficiently small subspace of the CSS, the
model parameters of the points inside are close enough. Therefore, the
CSS can be divided into subspaces in which the process dynamics can
be regarded as constant. On the other hand, in different subspaces, xo,
x1, and xR are in different value ranges, and the process exhibits different
dynamics. So these subspaces often correspond to different working con-
ditions. By subdividing the CSS into subspaces, the boundary of working
conditions can be visualized. Therefore, one can observe the transition of
working conditions along the movement trajectory of the process.

2.2.1.2 Typical modeling approaches

There exist various types of models, depending on the formulation and methods
of the model, e.g., I/O model, finite impulse response (FIR), Auto-Regressive
with eXogenous inputs (ARX), step response model, state space model, Auto-
Regressive Moving Average with eXogenous inputs (ARMAX), Box—Jenkins
model (more general than ARMAX), Hammerstein model, Wiener model,
Nonlinear Auto-Regressive with eXogenous inputs (NARX), NARMAX, Con-
trolled Auto-Regressive Integrated Moving Average (CARIMA), Volterra-series
model, Carleman approximation model, Wiener—Hammerstein model, Nonlin-
ear Auto-Regressive with eXogenous Inputs, linear models (partial least squares
[PLS]), Auto-Regressive Integrated Moving Average model (ARIMA), and
U-model. Among these models, the state space-based first-principle model (SS-
FPM) and machine learning-based input/output model (ML-IOM) are two typ-
ical models [7]. Before presenting the hybrid modeling framework, these two
modeling approaches are briefly reviewed and compared in this subsection.
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State space-based first-principle modeling

First-principle models are often derived based on conservation laws and the
underling reaction mechanism of a process. The conservation laws include con-
servation of mass, conservation of components, conservation of energy, etc. [9].
The reaction mechanism can be described by reaction kinetics, thermodynam-
ics, etc. The conservation laws describe the accumulation rate of mass/compo-
nent/energy inside a reactor/process. For example, the conservation law of a
component M inside a reactor can be formulated as follows:

dM
— =M, — Mout - M, (2-4)
dt
where M is the mass/concentration of the component inside the reactor, My, is
the rate with which the component flows into the reactor, My, is the outflow
rate of the component, and M; indicates the consumption rate of the compo-
nent. Considering a reactor, a component is consumed by acting as reactant in
certain chemical reactions; its consumption rate is determined by the mecha-
nism of the reactions in which it is involved. Therefore, M; can be derived by
studying the underlying reaction mechanism. This type of modeling approach is
also known as physical modeling, which derives model equations from physical
knowledge [10]. It is noted that Eq. (2.4) is a differential equation expressing
the variation of M against time, which can be considered as a state space model.
The concept of “state” was proposed in R.E. Kalman’s seminal work “A
New Approach to Linear Filtering and Prediction Problems,” published in 1960
[11]. The aim of this work is to solve an optimal estimation problem or the
Wiener problem. The optimal estimation problem is a duality of the noise-free
optimal regulator problem, which belongs to the realm of probability theory and
statistics [11]. In [11], state is defined as follows:

o State is the least amount of data one has to know about the past behavior
of the system in order to predict its future behavior. The dynamics is then
described in terms of state transitions, i.e., one must specify how one state is
transformed into another as time passes.

Therefore, Eq. (2.4), M, which is the mass/concentration of the component in-
side the reactor, can be regarded as a state.

A state space model is a set of differential/difference algebraic equations
(DAESs) of states, inputs, and outputs. The inputs are manipulated variables. The
outputs are measured economic or technical indices or functions of states and in-
puts. As shown below, linear and nonlinear state space models are formulated as

x = Ax + Bu,
y=Cx + Du, 2.5)
x = f(x,u),

y=g(x,u), (2.6)
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where A, B, C, and D are dynamics matrix, control matrix, sensor matrix,
and direct matrix, respectively, and f(x,u) and g(x, u) are smooth nonlinear
functions. In this study, as the states and outputs represent the same physical
quantities, the output equation can then be eliminated. In addition, as the state
space model is built based on conservation laws and the reaction mechanism,
the model parameters have their physical meaning [12].

Consider that an impurity removal process contains N (N € N*1) reactors and
assume that the fluid in each reactor is perfectly mixed, i.e., the concentrations,
temperature, and reaction rate are the same everywhere in the entire reactor.
Then, according to the mass balance principle, the nominal kinetic model of the
impurity removal process is

de; Fiy F;
d_tl = IV Ci1— Vlci —kiAici, 2.7)
wherei =1,2,---, N, V is the volume of the reactor, ¢;_1 and ¢; are the influ-

ent and effluent impurity ion concentrations of the ith reactor, respectively, k;
and A; are the reaction rate constant and reaction surface area in unit volume
of the ith reactor, respectively, and F;_; and F; are the influent and effluent
flow rates of the ith reactor, respectively. In particular, Fy = Fj, + F,, where
Fi, is the flow rate of the input leaching solution from the previous stage
and F), is the flow rate of the recycled underflow. The unknown parameters
0 =[AF, E¢, ¥, €eq, A] in the nominal model can be identified from the histori-
cal production data.
The advantages of SS-FPM include the following:

(i) It is constructed based on the conservation laws and reaction mechanism,
so it represents the underlying physical or chemical laws of the process.

(ii) It explicitly formulates the relationship between inputs and states, so it is
widely used in controller design.

Its disadvantages include the following:

(i) The key of SS-FPM lies in studying the reaction mechanism, which is time
consuming and requires lots of domain knowledge.

(ii) The laws or principles used in deriving SS-FPM are based on certain as-
sumptions or obtained under specific experimental conditions. However, in
practice, the reaction and inlet conditions are time-varying. The essential
principles in the SS-FPM may still hold, while the model parameters vary
with the reaction and inlet conditions.

(iii) The SS-FPM may not be able to explicitly include all the influencing fac-
tors of the process dynamics.

Machine learning-based input/output modeling

In machine learning-based input/output models (ML-IOMs), the inputs are the
influencing factors of process dynamics, while the outputs are the concerned
technical indices. So the ML-IOM represents the statistical correlations between
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inputs and outputs. It first uses machine learning approaches (unsupervised
learning, supervised learning, semisupervised learning, reinforcement learning)
to extract latent variables or features from the original high-dimensional process
variables [13]. Then, it reconstructs the technical indices from those latent vari-
ables. These machine learning approaches have their roots in probability theory
and statistics.

ML-IOM involves the use of machine learning approaches which project
the real process to a data space or latent variable space and construct statistical
models for correlation analysis, prediction, soft sensing, process monitoring,
pattern recognition, and FDD [14]. These approaches can be categorized as:

(i) Unsupervised learning.
(ii) Supervised learning.
(iii) Semisupervised learning.
(iv) Reinforcement learning.

The main actions involved in ML-IOM approaches include:

(i) Regression.

(if) Classification.

(iii) Clustering.

(iv) Coordinate transformation.
(v) Statistical properties analysis.

These methods make use of a large volume of production data that contain useful
information and knowledge about the process dynamics and working conditions.
In addition, by projection, the evolution of operating conditions can be visual-
ized in the data space. However, the performance of data-driven modeling relies
on the quality and operation ranges covered by the training data.

Comparison between SS-FPM and ML-IOM

As shown in Fig. 2.8, the two modeling methods SS-FPM and ML-IOM use
different sources of data, information, and knowledge, and have their pros and
cons:

(i) The SS-FPM utilizes inherent physical or chemical laws such as the under-
lying physicochemical laws of a process. However, not all the factors that
influence the process are captured in the model.

(ii) The ML-IOM utilizes routinely collected production data and machine
learning algorithms. It can approximate the relationship between process
inputs and outputs with very high accuracy. However, it does not capture
the internal dynamics of a system.

However, both methods are informed by probability theory and statistics, e.g.,
conservation laws are derived from experimental data, and first-principle models
often contain empirical relationships. The combination of these two methods
could increase the utilization rate of data, information, and knowledge, thus
leading to the discovery of more facets of the process dynamics.
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FIGURE 2.8 Differences and connections between state space and data-driven modeling.

2.2.1.3 Hybrid first-principle/machine learning modeling
frameworks

As discussed above, the fundamentals of modeling include the selection of a
model structure and utilization of data, information, and knowledge associated
with process dynamics. Different modeling approaches utilize different sources
of data/information/knowledge, which reveal the process dynamics from dif-
ferent aspects. Therefore, finding an appropriate model structure which can
accommodate different sources of data/information/knowledge in a framework
is important for increasing the accuracy and performance stability of a model.
In this section, several typical hybrid model frameworks are introduced.

Naive integration of a kinetic model and a data-driven compensation
model

The kinetic model forces on the main reactions. It can describe the process
dynamics qualitatively. However, impurity removal is a complex multiphase re-
action influenced by numerous factors. The complex influencing mechanism of
various factors cannot be completely described by the kinetic model. In addi-
tion, the theorem and principle adopted in deducing the kinetic model are based
on assumptions and obtained under specific conditions. The practical process
dynamics are not exactly the same with each kinetic model, i.e., there exists
deviation between kinetic models and process dynamics.

Application of a distributed control system (DCS) and a fieldbus control
system (FCS) in metallurgy plants enables the collection of daily operation data
which contains abundant information about the process dynamics. Data-driven
compensation uses regression methods to learn from the data, i.e., train a model
using the data which could reconstruct the relationship between important pro-
cess variables and KPIs of interest.

In order to combine the kinetic model and the data-driven compensation
model, the system dynamics described by (2.3) can be decomposed as a combi-
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nation of a nominal term and a deviation term:
xp =f(x0, ©,u) + €(X0, X[, XR), (2.8)

where f(-) is the nominal term or the kinetic model containing the main reactions
(white model) and ® represents the model parameters, which can be identified
using historical operation data. This formulation keeps the nominal dynamics
of the main reactions in a state space form, and can account for the intricate
interactions by introducing €(-), which then needs to be determined using data
analytic methods (gray or black model), as shown in Fig. 2.9. This model ap-
proach utilizes both mechanism knowledge and process measurements.

Main reactions Nominal term

First principle modeling

|
|
|
|
Output states |
|
|
|
|

Xo=f(X0, ©)
+€(Xo, X1, XRr)

Inlet conditions

Intricate interactions Deviation term

Modeling procedure

Reaction

|

|

|

I 0

conditions | Learning-based

| modeling

|

|

|

Practical system

Available Information :
dynamics

FIGURE 2.9 Naive integration of a kinetic model and a data-driven compensation model.

Considering each operating condition, the process dynamics can be formu-
lated as follows:

X0 (tf) — Xgominal (tf) + XdOCViatiOIl (tf)a (29)
where

. . tr

xpominal -y — gominal (yy 4 / f(xo, ©)dt, (2.10)
fo
L . tr

Xcéethlon (tf) — X(éewatlon (IO) + / G(XO, XI, XR)dt, (21 1)

0]

xg‘)mi“al(t r) is the nominal term derived from the FPM of the main reactions
[15], [16], and xdoe"iatio“(t ) is the deviation term with the output states Xo, inlet
conditions xj, and reaction conditions xR as its inputs. Thus, the value of xp can
be expressed as

i

xo () = xo(10) + / [f(x0, ©) + € (x0, x1, xR)1d1, (2,12

fo
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or, more practically, in a nonlinear discrete form,
xo(k + 1) =x0(k) + fr (X0 (k), O(k)) + €x(xo(k), x1(k), xr (k)),  (2.13)

where k indicates the kth sampling instant and f; (xo (k), ® (k)) and € (xo(k),
x1(k), xg (k)) are discretized counterparts of ftZH f(xo, ®)dt and flzk“ €(X0, XJ,
XR)dt, respectively.

In Eq. (2.13), €x(x0(k), x1(k), xR (k)) is the data-driven compensation term
which usually takes a nonlinear regression form,

ex =U@(k)) = [U1(2(k)) Ua(z(k))--- Un(z()]", (2.14)

where z is the vector of model inputs; z can be raw measurements of xo(k),
xj(k), and xg (k), or low-dimensional deep process features extracted from the
raw measurements; and U(-) is the regression function set of z.

Integration of a subkinetic model and a subdata-driven compensation
model

As discussed in Section 2.1.1, an impurity removal process has various working
conditions. Owing to the diversity and variability of the working conditions,
the nominal kinetic model and the data-driven compensation model with fixed
parameters may possibly generate a large bias in KPI prediction.

Impurity removal exhibits various working conditions. Under different
working conditions, model parameters take different values. Therefore, indus-
trial data is classified into several working condition classes, then kinetic model
parameters are identified, and the data-driven compensation model of each
working condition is trained. If there exist sufficient amounts of data samples
for each working condition, then this approach can be applied to improve the
modeling accuracy, as shown in Fig. 2.10. This modeling approach utilizes not
only the mechanism knowledge and process measurements, but also working
condition information.

|

|

Nominal term Deviation term :

|

} f(xo0, ©1) ‘ €1(Xo, X1, Xr) |

|

|

Process ‘Working condition { f(xo0, @,) ‘ €(Xo, Xi, Xg) | Xo=f(X0, ©) KPI
measurements recognition | +€(Xo, X1, XR) prediction

€(Xo, Xr, Xg)

‘ f(Xo, ©r) ‘

FIGURE 2.10 Integration of a subkinetic model and a subdata-driven compensation model.
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FIGURE 2.11 Evolution trajectory of an impurity removal process.

Weighted hybrid kinetic model and data-driven compensation model
with time-varying weights

As the process evolves in the CSS, the model parameters are subject to the in-
let conditions, reaction conditions, and output states. However, these parameters
are identified for each operating condition, not each point in the CSS. Consider-
ing the time-varying characteristic of the production environment, there exists a
matching degree between the current process and different working conditions
(Fig. 2.11), especially when the process is located at the junction of different
working conditions. A weighted hybrid modeling approach with time-varying
weights has been proposed, which can be expressed as

Ny . '
xotk+1)=x0(k)+ > P 2)Ify (oK), ©K) + UV @Kk)],  (2.15)

i=1

where f,((’)(xo(k), O (k)) and UD (z(k)) indicate the corresponding terms as-
sociated with the kinetic model and the compensation model under operating
condition i and P (i, z) indicates the matching degree between the current pro-
cess and working condition i. The value of P (i, z) varies with the location of the
current process in the CSS. Compared with the previous modeling approach, the
proposed CSS-based modeling approach not only considers the multimodality,
but also updates the weights of each submodel to improve the stability of model
performance.

Comprehensive hybrid modeling framework

In the industrial field, reasons like emerging of new working conditions and
sensor drift may deteriorate the model performance. Therefore, it is necessary to
update the kinetic model or data-driven compensation model online to improve
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the adaptability. Model updating is reidentifying the kinetic model parameters
or retain the data-driven compensation model periodically or when the model
error is larger than a predefined limit. Model updating can be incorporated into
the weighted hybrid modeling approach to construct a comprehensive hybrid
modeling framework, as shown in Fig. 2.12.

The framework contains two stages: an offline stage and an online stage.
The preparation work is done in the offline stage, which mainly utilizes the
historical data covering a wide operation range. The kinetic model parameters
of each working condition {61, 6;,---,6,} (n € N+ is the number of working
conditions) are identified. The data-driven compensation models of each work-
ing condition are trained using historical data. In the online stage, the real-time
process measurements, which reveal the current location of an impurity removal
process in its CSS, are fed as input of the weight hybrid model. The performance
of the weighted hybrid model is evaluated continuously based on the mismatch
between its output and the actual KPI, or more specifically:

(i) If the degree of mismatch is less than &, then no model updating is
required.
(ii) If the degree of mismatch is between €75y, and &;¢4iqn, then the data-driven
compensation models are retrained.
(iii) If the degree of mismatch is larger than &;;¢4i41, then the parameters of the
kinetic models are reidentified.

2.2.2 Cooperative optimization and control of cascaded
metallurgical reactors

The optimal control of an impurity removal process is a constraint optimization
problem. The objective of this problem is to find the best combination of zinc
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powder dosages of each reactor

N
min J:Zui, (2.16)

i=1

which minimizes the overall zinc powder consumption and guarantees that the
effluent impurity ion concentration of the last reactor is within a required range,

Cout,min < Cout & Cout, max (2.17)

where w = [uy,us,--- ,un], u; is the zinc powder dosage of the ith reactor,
cout 18 the effluent impurity ion concentration of the last reactor, and Coyt, min
and coyur,max are the lower and upper limit of coye. As an impurity removal is
composed of cascaded reactors, besides the above basic operation objective, the
outlet impurity ion concentration of each reactor should be kept in a reasonable
range to guarantee the stability of each reactor. Therefore, for the ith reactor,

Cz)ut,min < Cz)ut < cgut,max' (2'18)
This is reasonable as large and frequent variations of KPIs would cause the
instability of a system.

The optimal control of a plant is achieved by decomposing the optimal con-
trol problem into multiple function levels ranging from production planning to
single-loop control. As an impurity removal process is composed of cascaded
reactors, its optimal control problem (2.16) can be decomposed into the eco-
nomical optimization of the entire process and the closed-loop optimal control
of each reactor.

Generally, the design of an economical optimization strategy depends on a
deep understanding of characteristics of a process. The optimization strategy
should be compatible with the process to be optimized. For an impurity removal
process, its overall impurity removal task is allocated to each reactor with dif-
ferent impurity removal abilities. However, due to the fluctuations of inlet and
reaction conditions, only keeping the KPIs of each reactor constant cannot guar-
antee the optimal operation of the entire process. Therefore, the KPIs of each
reactor should be optimized periodically according to the current inlet and re-
action conditions. As shown in Fig. 2.13, the economical optimization of the
entire impurity removal process is essentially the cooperative optimization of
cascaded reactors, which is equivalent to finding the best KPIs of each reactor.
The problem can be expressed as

mcin J = f(c), (2.19)

where ¢ = [c1, ¢2, - -+, cn] is the outlet impurity ion concentration of each re-
actor, or the KPIs of each reactor. This optimization problem (2.19) is solved
periodically to provide set-points of KPIs. Please note that the optimization
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FIGURE 2.13 Optimization and control of an impurity removal process.

problem (2.19) is still subject to the above constraints. The transformation is
achieved by designing technical indicators which can be used to reformulate the
economical optimization problem to the optimization problem of KPIs of each
reactor. The economical optimization problem is introduced in detail in Chap-
ter 4 and Chapter 7.

Then, the closed-loop optimal control of each reactor is to determine the
value of control input which forces the practical KPIs of each reactor to follow
their setting values. Then, for each reactor, its optimal control problem is setting
value

ffinal
min o= [ llew P+ M@ 220)

0]
S.t.  Cmin < € < Cmax,

Umin < U < Umax,

where c(u) is the practical value of outlet impurity ion concentration, c* is the
set-point of ¢, [cmin, Cmax]> [¥min, “max] are the constraints of KPI and control
input, [#9, #fnar] is the control interval of interest, and M (1) is the function mea-
suring the control cost.

The problem (2.20) is essentially an optimal control problem. As an impurity
removal process has multiple working conditions, this problem takes different
forms under different working conditions. When the process is under working
conditions with clearly known model parameters, then the problem (2.20) can
be solved using model-based optimal control approaches, e.g., model predictive
control. When the process is under working conditions with model uncertain-
ties, then the problem (2.20) is transformed to designing a stabilizing controller,
e.g., robust adaptive control, or intelligent operational optimization approaches.
When the process is under working conditions with unknown model parame-
ters, then the problem (2.20) can be solved using reinforcement learning-based
optimal control approaches, e.g., adaptive dynamic programming. In Chapters 5
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and 8, the authors summarize their previous results on solving the control prob-
lem of the copper removal process and the cobalt removal process, respectively.
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3.1 Process description and analysis

Copper ions are the main impurity in the leaching solution. The concentration
of copper ions in the leaching solution is much higher than that of the other im-
purities to be removed, e.g., cobalt and nickel [1][2][3]. The impurity removal
reaction is essentially a replacement reaction between zinc powder and impurity
metal ions. Electrons are transferred from zinc powder to impurity ions. There-
fore, impurity ions obtain the electrons and are reduced. The reaction product
contains impurity cemented on the surface of zinc powder. The difference be-
tween the equilibrium potential of anode and cathode reactions determines the
driving force of the replacement reaction. The oxidation of zinc is an anode re-
action, as shown in (3.1). The reduction of impurity ions is a cathode reaction.
Reactions (3.2) to (3.4) present the cathode reactions in the copper removal pro-
cess and the cobalt removal process. It can be observed that copper has a larger
equilibrium potential difference with zinc than the other impurity metals. In ad-
dition, there is no overvoltage phenomenon in copper deposition. Therefore, the
replacement reaction between zinc and copper ions has a large reaction impetus,
which indicates copper can be easily replaced by zinc compared with cobalt. In
practice, copper is the first impurity ion removed in the purification process. We
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have the following reactions:

Zn — Zn** 4 2e, E.=—0.763 V, (3.1)
Cu’t 4 2¢~ — Cu, E. =0.337V, (3.2)
Co** +2¢~ — Co,  E.=-0277V, (3.3)
Ni** +2e~ — Ni, E. =—0.250 V. (3.4)

As copper ions can be easily removed by zinc powder compared with cobalt,
if sufficient zinc powder is added in the copper removal process, deep purifi-
cation of copper ions can be achieved. However, copper ion is not only an
impurity. It can also act as catalyst together with arsenic trioxide in the sub-
sequent cobalt removal process. More specifically, they can react with arsenic
trioxide and cement on the zinc powder surface, providing a reaction surface for
cobalt cementation. In addition, as the equilibrium potential difference between
copper and zinc is large, by leaving some copper ions, cobalt cementation can
be further promoted. Therefore, the operation objective of the copper removal
process is not to reduce the copper ion concentration such that it is below a
certain threshold, i.e., 0 < C < Cyp; the objective is to control the copper ion
concentration such that it is within a reasonable range [Cjoy, Cyp] bounded by
an upper limit C,, and a lower limit Cy,,, above zero. Therefore, as the first
stage in purification process, the performance of copper removal not only af-
fects the technical and economical indices of the copper removal process, but
also affects the inlet conditions and stability of the following cobalt removal
process.

Conventionally, the copper removal process is composed of several continu-
ous stirred tank reactors and other auxiliary equipments, e.g., a surge tank and a
pressure filter, etc., as shown in Fig. 3.1 [4][5][6][7]. In each reactor, the copper
ions are removed according to the following reaction:

CuSO4 +7Zn — ZnSO4 4 Cu |, . (3.5)

The copper ions or copper sulfate in the leaching solution is reduced by zinc
powder and precipitated. In some plants, cadmium ions are removed together

Equipments Sensors

B ZincBunker |Q  Flowrate
W Beltweigher |M  Zinc weight

P Pump T Temperature
ST Surge tank P PH value
R Reactor PF _ Pressure filter
Leaching
solution
¥ PF Purified

solution
ST
Residue

FIGURE 3.1 Conventional copper removal process.
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with copper ions in the cobalt removal process. According to reaction (3.5),
under ideal stoichiometric conversion conditions, 1 mol of zinc powder can re-
move 1 mol of copper ions. However, the theoretical stoichiometric conversion
is difficult to obtain in practical production environments with dynamic and
uncertainty fluctuations. Instead, more than 1 mol zinc is usually required to
remove 1 mol copper ions. The unreacted zinc therefore remains in the residue.
In the ADL process, the flow path of the copper removal process is improved.
As shown in Fig. 3.2, the feeding is the leaching solution. The main part of the
improved copper removal process includes several cascaded continuous stirred
tank reactors and a thickener. The copper removal reaction takes place in the
reactors. After retention in the cascaded reactors, the purified solution flows to a
thickener in which solution and the solid resultants are separated. The supernate
flows to the next process. Some of the solid resultant is recycled to reactor #1 as
underflow. The remaining solid resultant is sent for residue processing.

Equipments Sensors
B ZincBunker |Q Flowrate
W  Beltweigher |M  Zinc weight
P Pump T  Temperature
TH  Thickener P PHvalue

P R Reactor O  ORP value

Purified
solution

@ p1 P2 Copper
Underflow recycling Precipitate

FIGURE 3.2 Copper removal process with recycling.

>

From Figs. 3.1 and 3.2, the difference between the conventional copper re-
moval process and the improved copper removal process can be observed. In
the improved process, part of the thickener underflow containing copper residue
is returned to the first reactor. The recycled copper residue can react with cop-
per sulfate according to the following reaction, in which the copper ions are
precipitated as cuprous oxide [8]:

CuSO4 4 Cu + H,0 — Cup0 | +H,SO04. (3.6)

This indicates that one more reaction path for copper removal is generated by
recycling the underflow. Therefore, by using the improved copper removal tech-
nology, the copper ions are deposited in two different ways [9]:

e Reaction (3.5): ionic copper is replaced by zinc powder and precipitated as
metallic copper.

e Reaction (3.6): ionic copper reacts with the recycled metallic copper and pre-
cipitates as cuprous oxide.
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By combining the two reactions, the overall copper removal reaction can be
described as:

2CuSO4 + Zn 4+ H;O — ZnSO4 + Cu0 | +HSO4. 3.7

Considering ideal stoichiometric conversion conditions, it can be indicated
that in reaction (3.5), 1 mol zinc is required to remove 1 mol copper ions. How-
ever, in reaction (3.7), only 1/2 mol zinc is required to remove 1 mol copper ions.
Besides higher zinc powder utilization efficiency, the improved copper removal
technology possesses the following advantages:

(i) The recycled thickener underflow contains not only copper residue, but also
unreacted zinc powder. Therefore, the unreacted zinc particles are also re-
cycled and reused, which can further reduce zinc powder consumption.

(ii) The precipitated cuprous oxide enables the removal of chloride existing in
the solution.

The operation of the copper removal process is to adjust the zinc powder
dosage of each reactor and the reaction conditions (temperature, pH), such that
the outlet copper ion concentration of the last reactor is within the desired range
[Ciow, Cupl. However, the determination of zinc powder dosage of each reactor
encounters the following two problems.

On the one hand, the change in the flow path not only brings advantages
like higher copper removal efficiency and zinc powder utilization efficiency, but
also increases the complexity of the process, which can be explained from two
aspects:

(i) More complex stoichiometric conversion: In the improved copper removal
technology, there exist two main reactions, i.e., copper cementation (3.5)
and cuprous oxide precipitation (3.6). On the one hand, ionic copper is con-
sumed in both reactions. On the other hand, as a product of reaction (3.5),
the metallic copper is also the reactant of reaction (3.6). This indicates that
these two reactions compete for ionic copper. However, the proceeding of
reaction (3.5) can promote reaction (3.6). Therefore, these correlated two
reactions form a “competitive-consecutive” reaction system. As the stoi-
chiometric conversion rates between zinc powder and copper ions in these
two reactions are different, the overall stoichiometric conversion is compli-
cated.

(ii) More complex process dynamics: Due to the correlation between the two
main reactions, the outlet copper ion concentration and the mass ratio be-
tween the metallic copper and cuprous oxide keep stable if a dynamic
balance between copper cementation (6.4) and cuprous oxide precipita-
tion (6.3) is achieved. A small change of the reaction or inlet conditions
would brake the equilibrium of the “competitive-consecutive” reaction sys-
tem, resulting in fluctuations in the outlet copper ion concentration.

On the other hand, the variation of the inlet and reaction conditions of the
copper removal process is complex. Under complex working conditions, unrea-
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sonable operations could result in failure to meet the technical requirement on
outlet copper ion concentration, so the copper ion concentration in the feeding
solution of the subsequent cobalt removal process is overly high, which then in-
fluences the cobalt removal performance. The complexity of working conditions
includes:

(i) Fluctuating feeding conditions: The supply-side volatility gives rise to the
variation of copper content in zinc concentrate, resulting in fluctuating
feeding conditions, i.e., the inlet copper ion concentration is not stable.

(ii) Delayed chemical assay [10][11][12]: In the copper removal process, due
to the high temperature and erosion of zinc sulfate solution, the online ele-
ment analyzer is hard to maintain. Therefore, the copper ion concentration
is usually obtained using time-consuming chemical assays. The fluctuation
in the inlet copper ion concentration is difficult to be detected in real-time.

(iii) Limited measurements: The measurements of copper ion concentrations
and the composition analysis of the underflow are insufficient. In the inlet
solution, the concentrations of most metal ions are detected. However, as
the concentrations of other elements are relatively low, in the purification
solution (outlet solution of the last reactor), only the copper ion concentra-
tion is measured. However, other impurities also consume zinc powder and
affect copper removal, e.g., an excessively high ferrous ion concentration
can reduce the copper removal efficiency.

Theoretically, the improved copper removal process can reduce zinc powder
consumption. However, due to the complexity of the improved copper removal
process, human operators usually use excessive amounts of zinc powder to
guarantee that the outlet copper ion concentration is lower than the technical
threshold, which is a waste of valuable materials. Therefore, the advantage of
the improved technology is not fully utilized. For economic and stable produc-
tion, it is necessary to study the reaction kinetics of the copper removal process,
and to obtain a comprehensive model covering the process dynamics under dif-
ferent working conditions.

3.2 Kinetics of copper removal reactions

In the remainder of this chapter, a kinetic model of the copper removal pro-
cess is constructed to describe the process dynamics under different working
conditions. The copper removal process includes two main reactions, i.e., cop-
per cementation and cuprous oxide precipitation. The kinetic models of these
two reactions are first derived separately. Then, the kinetics of the overall
“competitive-consecutive” reaction system is studied, and the model structure
of the reaction system is determined [13]. The model parameters under different
working conditions are identified based on an intelligent optimization approach.
To start with, in this section, the main influencing factors and reaction mecha-
nism of the two main reactions are analyzed.
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3.2.1 Influencing factor analysis

The copper removal process is a solid-liquid phase, noncatalyst, and multiple-
reaction process. The copper removal performance is influenced by numerous
factors, including temperature, reaction time, pH, composition of the leaching
solution [12], zinc powder dosage, solid content of underflow, etc.

3.2.1.1 Temperature

According to the Arrhenius equation, the reaction rate of copper removal can be
increased by raising the solution temperature. On the one hand, the increase in
temperature can decrease the concentration polarization and electrochemical po-
larization of electrode processes, which provides more reaction impetus for the
two main reactions. On the other hand, the two main reactions are exothermic.
Although the increase in temperature can accelerate the diffusion of reactant
particles, an overly high temperature is not beneficial to copper removal from
the perspective of thermodynamics. Therefore, in practice, the temperature of
the copper removal process is stabilized around a certain value, depending on
the production environment of the plant.

3.2.1.2 Reaction time

As copper ions can be easily replaced by zinc powder, the reaction rate is high.
If the retention time of the solution in the reactor is too long, copper ions can
be removed to a very low concentration, which cannot facilitate the following
cobalt removal process. However, if the retention time is too short, the precipi-
tation of copper ions is insufficient. In practice, the retention time is controlled
by limiting the flow rate of inlet solution in a reasonable range.

3213 pH

In the leaching process, sulfate acid is added to react with zinc calcine. The pH
values of each leaching reactor are important technical indices of the leaching
process. The leaching solution is faintly acid. So in the copper removal process,
a small portion of the added zinc powder would react with the hydrogen ions in
the solution. Therefore, when the pH is overly low, the reduction of hydrogen
ions could intensify, which competes with valuable zinc powder in the copper
removal reaction. When the pH is overly high, basic zinc sulfate could be gener-
ated. It attaches on the surface of zinc powder particles and hinders the electron
transfer between zinc powder and copper ions. Copper ions therefore cannot be
reduced, i.e., Cu cannot be produced. So the cuprous oxide precipitation reac-
tion lacks reactant. This indicates that if the pH is overly high, the reaction rate
of the two main reactions could decrease.

3.2.1.4 Composition of leaching solution

Besides the two main reactions, there exist side reactions introduced by other
impurities in the leaching solution. Some of these impurities could compete with
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copper ions for zinc powder, e.g., ferrous ions. Therefore, if the concentration
of these impurities is high, the zinc powder consumption will increase. On the
other hand, if the concentration of copper ions in the leaching solution is overly
low, the outlet copper ion concentration of the last reactor may be lower than
the lower limit Cj,y,.

3.2.1.5 Zinc powder dosage

Zinc powder dosage is the most important manipulated variable of the copper
removal process. Overly low or overly high zinc powder dosages could result
in unsatisfactory copper removal performance. The physical properties of zinc
powder also affect copper removal. The copper removal reaction takes place
on the surface of zinc powder particles. Therefore, the shape and size of zinc
powder particles affect the reaction area of copper removal. Zinc powder parti-
cles with small size have a larger surface area. However, too fine zinc powder
particles could hydrolyze in the solution before they can react with copper ions.

3.2.1.6 Solid content of underflow

The solids in the underflow contain the reaction product of reaction (3.5). It
serves as the seed crystal of reaction (3.6). If the content of solids in the under-
flow is overly low, the amount of seed crystal is insufficient. So copper ions
are mainly removed by (3.5) compared with reaction (3.6). Considering the
stoichiometric conversion between zinc powder and copper ions in these two
reactions, more zinc powder is required. If the content of solids in the under-
flow is overly high, the solution becomes sticky, which also affects the copper
removal efficiency.

To summarize, all the above factors should be controlled within appropriate
ranges. Among these factors, solution temperature, pH, zinc powder particle
size, and solid content of underflow are determined in the trial operation phase
and kept in reasonable ranges in most cases. In the production phase, the flow
rate and copper ion concentration of the inlet solution fluctuate and become the
main influencing factors.

3.2.2 Copper cementation kinetics

From the microcosmic perspective, reaction (3.5) mainly consists of three
stages:

(i) External diffusion: The liquid reactant (CuSQOy) arrives on the external sur-
face of the solid reactant (zinc powder particles) via a retention membrane.
(ii) Internal diffusion: The liquid reactant further diffuses from the external
surface to the internal surface via a porous channel.
(iii) Surface chemical reaction: The liquid reactant reacts with the solid reac-
tant.
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Among the above three stages, the rate of stage (3) is the lowest. So the control-
ling step of reaction (3.5) is the surface chemical reaction.

In reaction (3.5), the copper ions obtain electrons from zinc powder and are
cemented on the zinc particles. The cementation reaction can be considered as a
surface-controlled first-order reaction whose reaction rate can be formulated as

Ceyt (3.8)

where r; means the reaction speed, K means the reaction rate constant which
varies with different reaction conditions, C means the reactant concentration,
Cc2+ 18 the copper concentration, Kp is the mass transfer coefficient, V is
the reactor’s volume, and S is the surface area for reaction (3.5), which is
determined by the quantities of newly added and recycled zinc powder [14]. In
addition, zinc powder particles with a smaller size have a larger specific surface
region compared with particles with a larger size. Therefore, the zinc powder
particles’ size distribution also affects the surface area for copper cementation.

To estimate the total reaction surface area, it is necessary to obtain the size
of zinc powder particles. In practice, the particle size is obtained using a sieve
with adjustable screen size. Therefore, by using a sieve, the tested zinc powder
particles with different size can be classified into different categories. Assuming
that there are Ni;,e types of particle size, if the weight of particles sieved using
screen size S; is m;, then its weight fraction is

gy —— Tt (3.9)

Ny
where M =} ;% m;.

Considering the particles sieved using screen size S; and assuming the shape
of the zinc powder particles is spherical, their total surface area is

St = Neoweaimdy, (3.10)

where Nt is the total number of tested zinc particles and d; is the average
particle diameter, i.e., the average value of the limits of the screen size interval.
Its total volume is

VP~—1N d? 3.11
i=% total X T d; . (3.11)

Because the density p is the same for the zinc powder particles with different
sizes, the surface of all the tested zinc powder particles is

Nscreen

W=pVP=p )" gNmtala,-ndf. (3.12)

i=1
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Therefore, the total reaction surface area can be estimated using the weight
and density of zinc powder particles and the weight fractions of the particles
with different sizes:

2
_ 627:1 a;d; w.
PY I aid?

sh (3.13)
In the improved copper removal process, the zinc powder particles in a re-
actor include newly added zinc powder as well as zinc powder particles in the
recycled underflow. Therefore, the surface area of zinc powder for copper ce-

mentation is
Oy i id}

]

S= 7(8&1 + Vanunder)v (3.14)
Py O‘id?

where gz, is the quantity of fresh zinc powder in the zinc bin, gypger is the
quantity of recycled solids, and yz, is the zinc powder’s weight fraction in the
recycled solids. To sum up, the reaction rate of copper cementation can be for-
mulated as

6Kp(gzn + Vanunder)Z?:l Ol,'dl-Z
- Ceopr+- (3.15)
sz;l:l aidi?’

ry =

3.2.3 Cuprous oxide precipitation kinetics

According to reaction (3.6), after copper cementation, copper ions react with
cemented copper and form cuprous oxide. This reaction can increase the copper
removal efficiency. As reaction (3.5), reaction (3.6) can be categorized as a non-
catalytic fluid-solid reaction. The microscopic reaction stages of reaction (3.6)
are also the same as those of reaction (3.5). However, as the reaction environ-
ment is time-varying and the order of the reaction rates of these three stages
is not constant, it is difficult to determine the controlling step of reaction (3.6).
Therefore, the influence of all three stages on the rate of reaction (3.6) is con-
sidered.

The shrinking core model (SCM) is a widely applied noncatalytic fluid-solid
reaction model (Fig. 3.3) [15,16]. In this model, the solid reactant is assumed to
be ideal spherical particles. The chemical reaction takes place on the interface
of the reaction product layer and the unreacted solid core. The reaction spreads
from the reaction product to the unreacted solid. Therefore, the unreacted solid
shrinks towards the core. SCM is a suitable model to describe the noncatalytic
reaction process between solid and liquid reactants.

According to the SCM theory, reaction (3.6) contains three steps:

(i) External diffusion: Cu®* diffuses via the liquid film surrounding the ele-
mental copper.
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FIGURE 3.3 Shrinking core model of reaction (3.6).

(ii) Internal diffusion: Cu®* diffuses to the internal surface of elemental copper
particles (through the product layer).

(iii) Surface chemical reaction: reaction (3.6) takes place, increasing the thick-
ness of the CuyO reaction product layer. The elemental copper particle,
which acts as an unreacted core, shrinks as the reaction proceeds.

In order to determine the controlling step of the reaction, the reaction rates
of all the three stages are studied and compared. The reaction rate of the external
diffusion stage is

ra1 = —4m RV ' ka(Copprg — Copgry): (3.16)

where 5,1 means the reaction rate of the external diffusion stage, Rs means the
particle radius, kg means the mass transfer coefficient, C¢,2+, means the copper
concentration in the bulk phase, Cc,2+, means the copper concentration of the
copper particle at the outer surface, and V is the volume of the particles.

In the internal diffusion stage, the liquid reactants (CuSO4 and H,O) diffuse
to the internal surface of elemental copper particles through the CuO layer. Its
reaction rate is
dCepo+

dR
where r2 2 means the reaction rate of the internal diffusion stage, D. means
the effective diffusivity of CuSO4 through the Cu,O layer, and Rc means the
distance from the core to the reaction surface.

In the surface chemical reaction stage, the precipitation happens on the sur-
face of the unreacted copper particles, which is a first-order reaction. Its reaction
rate is

r2n = —4w RV De( )R=Rc» (3.17)

3= _4”R(2jv_lksurfccu2+c, (3.18)

where r; 3 means the reaction rate of the surface chemical reaction stage, Ky, f
is the reaction rate constant, and C¢,2+, means the copper concentration on the
reaction surface.

Generally, the controlling step of a reaction is the microscopic stage with the
lowest rate, which determines the rate of the reaction. However, as explained
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above, it is difficult to quantify the reaction rates of the three stages. Therefore,
none of the three stages are ignored, and the overall reaction rate is formulated
as the sum of the rates of three stages:

_ 1 Rs(Rs — Rc) R3
rm=—4nRZV-IC —+ + ) 3.19
2 S Cuttg [ o ReD, R2ksurs (3.19)

Assuming that the solid particles of reaction product are ideal spheres and
only contain Cu,O and Cu and that the product layer and the copper core are
homogeneous, the weight fraction ratio of CuO in the precipitate, which is
measured routinely, can be approximated as

Wew,0 (RS — R pcuyo N R

"~ Wewo+Wau R peu + (RS — R2) pcuso 2R} — R

. (3.20)

where Wcy,0 and Wcy are the weights of cuprous oxide and metallic copper
in the solid and pcy,0 and pcy are the densities of cuprous oxide and metallic
copper, respectively. Then the unreacted core’s radius and the overall reaction
rate can be expressed as

J2=20

R —
¢ 2-6

Rs =nRs, (3.21)

where n = [(2 —260)/2 — )]~ /3.
Substituting (3.21) into (3.19), the overall reaction rate of (3.6) can be ex-
pressed as

_ 2
1 (n—1DRs n } (3.22)

=—47RIV~IC —
r 7 R§ Cu2tg |:KG + D. + Koury

where Rs, Kg, De, and kg,,¢ are to be identified.

3.3 Modeling of the competing reactions system
3.3.1 Model structure determination

In the improved copper removal process, the copper cementation and cuprous
oxide precipitation reactions take place parallelly. Copper ions are consumed in
both reactions and one of the products of the former reaction becomes a reac-
tant of the latter reaction. These two reactions form a “competitive-consecutive”
reaction system (CCRS):

A+BY5 c 4D, (3.23)

A+C+EB R +H, (3.24)
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where k1 with ky are the rate constants of the two reactions. In the context of
copper removal, the symbols A, B, C, D, E, R, and H stand for CuSQy, Zn,
Cu, ZnSOy4, H>0, Cu,0, and H>SOy4, respectively.

These two reactions follow the first-order reaction kinetics. Their reaction
rates can be expressed as

ri = —kicg,2+, (3.25)

where r; and k; are the reaction rate and rate constant and i = 1, 2. According
to the results in Sections 3.2.2 and 3.2.3,

6Kp(gzn + Vanunder)Z?zl (xidiz

ki = , (3.26)
VPZ?=1 a; d?
[ 1, \=DRs | »?
ky =47 RZV ™! [— + + ) (3.27)
S K D, ksurf

However, the reaction mechanism of a single reaction cannot describe the
overall reaction system. It is required to analyze the influence of these two re-
actions on the copper removal performance. It can be observed from the two re-
actions that the two reactions compete with each other as they both use Cu®* as
reactant. In addition, reaction (3.5) generates reactant for reaction (3.6). There-
fore, these two reactions hold a “consecutive reaction” relationship. According
to the independence principle of chemical reactions, if the orders of two reac-
tions are equal, then the consumption rate of common reactant (Cu?*) equals
the sum of each reaction. However, in consecutive reactions, the consumption
rate of the related material (Cu) relies not only on the reaction order, but also
on the reaction constant. When the reaction orders are the same, however their
reaction constant are different in order of magnitude, then the consumption rate
of the related material relies on the reaction with the smaller reaction constant.
When the reaction orders are the same and the reaction constants are similar,
then the consumption rate of the related material equals the reaction rate of con-
sumption minus the reaction rate of production. To sum up, the reaction rates of
each reactant/product of the CCRS are:

rcu2+ =—ry —r,
rzn = —r1,
rzp2+ =711,
rH,0 = —12,
r'cu,0 =12,
rg+ =rp,
r, ki >>ky,
rcu = —-r, k] << kz,

—r1 +r2, else,
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where rc, 2+, ¥zZns Y 7,2+ TH,0»> ¥ Zns T'Cup 0> Y+, and rcy, are the reaction rates
of Cu?*, Zn, Zn**, H,0, Zn, Cu, 0, H*, and Cu, respectively.

Outlet copper ion concentrations of each reactor are the KPIs of the copper
removal process. Considering a single reactor, the reaction rate of Cu>* can be
derived according to the above result:

6Kp(gzn + Vanunder)er-lzl ()[,‘dl-z

rce2+ = — . 3
Py iy aid;
1  (—DRs n? }
xR [— + + , (3.28)
S Kg D, ksurf

where rc 2+ is the consumption rate of copper ion concentration.

The dynamics of the copper removal reactor can be described using the clas-
sical CSTR model [17]. Then according to the above kinetic study and mass
balance, the dynamics of the copper removal reactors follow

VCCu2+,1 = QCgu2+’1 — (1 + Qup)QCcy2+ | — Vrgyt, (3.29)
VCCu2+,2 =+ Quf)QC8u2+’2 — (14 Qup)OCcyp2+ 5 — Vrger, (3.30)

where CCuz‘*"iv i = 1,2, is the reaction rate of copper ions in the ith reactor,
Cguz b i =1, 2, is the inlet copper ion concentration of the ith reactor, and Q

and Qyr are the flow rates of zinc sulfate solution and the returned underflow,
respectively. The details of model parameters are summarized in Table 3.1.

3.3.2 Model parameter identification

The dynamics of the copper removal process have various influencing factors.
With different combinations of inlet conditions and reaction conditions, the pro-
cess dynamics exhibit different features. The different process dynamics are
presented by the difference in model parameters. Therefore, a mathematical
model with only one set of model parameters is insufficient to comprehensively
describe the process dynamics under different working conditions. In practice,
a mathematical model with fixed structure and model parameters changing with
the working conditions is usually adopted. Therefore, to guarantee the accu-
racy of the kinetic model, the model parameters under each working condition
should be identified. However, it is difficult to recognize different working
conditions according to artificial experience. On the other hand, the working
load of classifying the large volume of data samples artificially is heavy, and
prone to classification errors. Therefore, it is necessary to design an adap-
tive parameter identification approach which automatically classifies the data
samples.

This section presents a model parameter identification framework for pro-
cesses with various working conditions based on data features. As illustrated
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TABLE 3.1 Parameters in the kinetic model.

Parameter  Physical meaning

v Volume of reactor

0] Flow rate of leaching solution

Ouf Flow rate of recycled underflow

C"Cu2+yi Reaction rate of copper ions in the ith reactor

Cgu2+,i The inlet copper ion concentration of the ith reactor

Couz The copper ion concentration in the ith reactor

Tou2+ Consumption rate of copper ions

r Reaction rate of copper cementation

r Reaction rate of cuprous oxide precipitation

.1 Reaction rate of external diffusion in cuprous oxide precipitation
.2 Reaction rate of internal diffusion in cuprous oxide precipitation
) Reaction rate of surface chemical reaction in cuprous oxide precipitation
Ceurt g The copper ion concentration in the bulk phase

Couz+ The copper ion concentration at the outer surface of the copper particles
Couzt ¢ The copper ion concentration on the reaction surface

Rg Particle radius

Rc Distance from the core to the reaction surface

kg Mass transfer coefficient of external diffusion of reaction (3.6)
D, Effective diffusivity of internal diffusion of reaction (3.6)

surf Surface chemical reaction rate constant of reaction (3.6)

Kp Mass transfer coefficient of reaction (3.5)

SA Surface area of reaction (3.5)

P Density of zinc powder particles (3.5)

&7n Weight of added zinc powder

Brilar Weight of recycled solids

YZn Weight fraction of zinc powder in the recycled solids

in Fig. 3.4, the model parameter identification framework is composed of three
parts, i.e., sample classification, sample balancing, and parameter estimation.
These three parts correspond to the three stages of the parameter identification
process.

Stage 1 The first stage is the sample classification stage. In this stage, the
data samples collected via a data collection campaign are divided into sev-
eral groups according to their data features. As the model parameters take
different values under different working conditions, the process variables as-
sociated with the process model present different data features. Therefore,
the classified data samples correspond to different working conditions, which
can be used to identify model parameters of different working conditions.
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FIGURE 3.4 Model parameter identification framework.

Stage 2 The second stage is the sample balancing stage. As the numbers of
data samples classified into different categories are not balanced, the data
samples belonging to some working conditions are insufficient to identify
the model parameters accurately. Therefore, in this stage, new data samples
are generated and added to the working conditions with fewer data samples
to eliminate the size imbalance problem.

Stage 3 The third stage is the parameter estimation stage. In this stage, intel-
ligent optimization algorithms are applied to identify the unknown model
parameters of each working condition from the classified data samples.

3.3.2.1 Data sample labeling and classification

By numerical integration of the dynamic model of the copper removal process,
the formulation of the real-time value of the outlet copper concentration can be
described as

Cew+ = MODEL(, pey. Prop). (3.31)

where C 2+ is the vector of outlet copper ion concentrations, MODEL is a
vector of functions which is the integral form of the dynamic model, ¢ is time,
P.n 1s a vector of independent variables (Cg112 - (), CguZ +’2(t), 0.4, VYzn, &Zn,
Zunder» @i, di, p, V, Rs, and 1), and Pmp is a vector of model parameters to be
identified (Kp, kg, D., and k).
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The dynamics of the copper removal process are influenced by various
factors. The reaction rate in each copper removal reactor changes with differ-
ent combinations of these factors which indicate different working conditions.
Therefore, to increase the identification accuracy, the data samples are first la-
beled and classified into different categories.

Without loss of generality, the dynamics of a process are a synthetic result
of its inlet conditions, the reaction conditions, and the inherent characteristics
of the underlying reactions. The variation of process variables is driven by the
essential process dynamics. On the one hand, the data samples associated with
different working conditions present different features. On the other hand, the
data samples associated with the same working condition present similar consis-
tency with a potential model parameter set. As the workload of manual labeling
is heavy, an automatic sample labeling approach based on the data features is
desired. For this purpose, a condition labeling and classification approach ac-
cording to the model performance is proposed. In each identification run, the
data samples with relative errors smaller than a predefined threshold are treated
as belonging to the same working condition. Then, in the next run, the data sam-
ples associated with another working condition are extracted from the remaining
data samples. By repeating the identification procedure, all of the data samples
can be classified into different categories.

The detailed steps of the sample labeling and classification approach include:

Step 1 Randomly extract a sample set Sg = {s;|i =1, ...,mo} from the col-
lected data samples. Determine the value of the precision threshold vprecision
and the size threshold vgjze.

Step 2 Identify the model parameters Py = { K po, kGo, De0, ko} by minimizing
the total error between the model output and the real output of all the data
samples in Sg. The model with parameter set Py can then be expressed as
M(Pp).

Step 3 Calculate the relative errors for all the data from Sp:

¢! =100 —cfeil, i=1.2,....mo. (3.32)

where y? is the model output of the ith data sample (the model output is
calculated by using P as model parameters) and c; is the actual output of the
ith data sample.

Step 4 Screen data samples whose error is less than vprecision out of Sp to
form a new data set Sy, which is labeled as working condition I: S| =
{s,~|i =1, ...,ml,e? < Uprecision, 0 < m1 < mo}.

Step 5 If the size of remaining data samples is larger than vgj,e X mg, then
repeat Step 2 to Step 4 for further screening.

Step 6 If the number of remaining data is less than or equal to vgj,e X mg, then
the remaining data set Scn is considered as belonging to the last working
condition. Therefore, the data sample set can be automatically divided into
different working conditions {S1, Sa, ..., Scn}-
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3.3.2.2 Data sample balancing

In the sample labeling and classification stage, the data samples are classi-
fied into different types based on the performance in parameter identification.
However, the data samples associated with different working conditions are not
balanced in size. This is due to the fact that there exist some uncommon working
conditions, e.g., extremely high or low amounts of zinc powder, and too high or
too low inlet copper ion concentrations. The data samples associated with these
working conditions are rare and insufficient to accurately estimate the unknown
model parameters, whereas the data samples associated with common working
conditions are sufficient. The size imbalance affects the identification accuracy.

To address these problems, the numbers of data samples associated with
different working conditions should be balanced before model parameter iden-
tification. To this end, the synthetic minority oversampling technique (SMOTE)
is applied to generate sufficient data samples for the working conditions with
rare data samples [18]. The SMOTE algorithm generates new samples with
reference to existing minority samples by keeping high similarity in data fea-
tures. For the object data sample set Sqpj, we first find the K-nearest neighbors
X1k = {Xi,1,Xi,2, ... X,k } for each sample x;, where Xk are a set of K data
samples, whose Euclidean distances from x; are of the smallest magnitude.
Then, the new data samples can be generated as

Xnew.j =Xi + (Xi,j_Xi) xb, j=12,..,K, (3.33)

where b € [0, 1] is a random number.
To sum up, the data sample balancing approach has four steps:

Step 1 Obtain the sample number of all the working conditions (m1, ..., ma, ...,
my, ) and the number of working conditions N,,, and set the ratio threshold
Uratio-

Step 2 Calculate the sample ratio, r; = mi/ZIJ\'IL mj (i=1,2,...,Ny), for
each working condition.

Step 3 If the sample ratio of a working condition is smaller than the ratio
threshold, then the working condition is considered as an uncommon work-
ing condition.

Step 4 Generate new data samples for the uncommon working conditions; the

balanced data sample sets are denoted as { 1,85, ... 8% }
w

3.3.2.3 Parameter identification based on EA-PSO

After sample labeling and balancing of the data samples, the unknown model
parameters for each working condition can be identified separately. Parameter
identification is essentially an optimization problem. The objective is to find a
set of model parameters which fits best with the practical process dynamics. For
the copper removal process, as its dynamics are nonlinear, an intelligent opti-
mization algorithm is a feasible approach for solving the identification problem.
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The particle swarm optimization (PSO) algorithm is a widely applied intel-
ligent optimization algorithm [19,20]. To identify model parameters using the
PSO algorithm, the position of a particle acts as the candidate of the unknown
model parameters. In each iteration, by learning from the best particle of the
swarm and its own best history experience, a particle updates its own position
and velocity. After certain iterations, the algorithm converges to a potential op-
timum. The physical limits of the model parameters are treated as the range of
particle positions. The advantage of PSO lies in its searching speed. However,
it can easily get trapped in a local optimum. To overcome this drawback, an
evolutionary algorithm (EA) is integrated in the PSO algorithm. In the search-
ing process, the EA mutates some of the particles during the iteration, which
increases the diversity of the particles and can help the trapped particles escape
from the potential local optimum.

In the EA-PSO algorithm, the objective is to find a set of model parameters
which minimizes the sum of errors between the model output and the real value
of copper ion concentration of each data sample:

mind (pp) =) (Coas = Ceas)’, (3.34)

i=1

where m is the number of data samples. The velocity and position of particles
are updated as

vi (k4 1) = wo; (k) + ¢1 Ry (pIbest; (k) — x; (k))
+ c2Ro(pGbhest (k) — x; (k))x; (k + 1)
=xi(k)+vik+1), (3.35)

where k indicates the current iteration, plbest; is the best position found by
the ith particle, pGbest is the best position found by the whole swarm, w is an
inertial weight, ¢; and ¢; are constants, Ry and R; are random numbers within
the range [0, 1], and v; and x; are the velocity and position of the ith particle,
respectively.

The detailed procedure of the EA-PSO algorithm is as follows:

Step 1 Initialize the position and velocity of Npopul particles according to the
dimension and limits of the solution space. Define the threshold of fitness
value as Tfirness:

Xi(0)=x;;0) @ =1,..., Npopul; j =1, ..., m),
Vi(0) = v (0) (i = 1, ..o Npoputs j = 1, cccom).
Step 2 Let k = 0. Assign the initial fitness value of each particle to pIbest; (0),

and the minimum fitness value of the swarm to pGbest (0).
Step 3 Update the velocity and position of each particle.
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Step 4 Calculate the fitness of all particles, and obtain plbest(k) and
pGbest (k).

Step 5 For a particle, if the fitness is larger than Tpess, then mutate the particle
according to EA. Letk =k + 1.

Step 6 If the algorithm reaches the maximum iteration number or the global
best solution remains constant for several iterations, then stop the iteration
and output the global optimum. If not, return to Step 2.

For different working conditions, the kinetic parameters are optimized through
this procedure. The kinetic model for the ith condition can be expressed as
MODEL(t9 Pk, pconi)~

In order to use the model online, a procedure named multicondition
competitive-consecutive reaction system model (MCRSM) has been proposed,
as shown in Fig. 3.5. The procedure consists of three parts, including a work-
ing condition recognition module, a multicondition parameter selector, and a
CCRS model. First, the real-time industrial data are preprocessed and sent to
the working condition recognition module, which estimates the type of current
working condition. The working condition recognition module is trained using
a multiclass SVM. After the type of current working condition is recognized,
the corresponding model parameter set is selected and the kinetic model can be
used to predict the outlet copper ion concentration.

Multi-condition
parameter selector

, Pess Prue
X; X! q g Tag Ceuzrn
Prepro i Vet c.or.\dmon Peoz CCRS model —
. recognition
Realtime :

data

Pecasen Multi-condition

Competitive-consecutive
Reaction System Model
(MCRSM)

FIGURE 3.5 Multicondition competitive-consecutive reaction system model.

3.3.2.4 Results

Based on historical production data, the modeling and data analysis of the
copper removal process were performed. One thousand groups of data were ran-
domly selected as training samples. The data were classified into four working
conditions using the proposed data sample labeling and classification method.
The model parameters under each working condition were identified to establish
the multicondition competitive-consecutive reaction system model. In order to
verify the model accuracy, the production data of copper removal under three
typical operating states were selected for testing, and 50 groups of “continuous-
in-time” data samples were selected as test samples of each working condition.
The fluctuation ranges of the process variables under the three typical operating
states are shown in Table 3.2. Among these process parameters, the ranges of
flow rate of underflow, solid content in the underflow, pH value, and tempera-
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TABLE 3.2 Fluctuation ranges of the process variables under the three typi-
cal operating states.

Operating state  Steady state  Periodic fluctuation  Fluctuates with a trend

G 0.9-1.0 0.7-1.2 0.8-1.2
0 295-305 180-260 200-250
Ouf 29-31 28-30 29-30
8under 1.4-1.5 1.4-1.5 1.4-1.5
87n 120-145 60-156 70-150
pH 3.9-4.2 3.9-4.2 3.9-4.2
Temperature 62-66 62-66 62-66
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FIGURE 3.6 Comparison of MCRSM and PSO-KM under steady-state conditions.

ture are stable. While other parameters have smaller fluctuation ranges in steady
state, they have larger variations in fluctuation states.

For comparison purposes, a PSO-based kinetic model (PSO-KM) was in-
troduced in the experiment. The PSO-KM only identifies the model parameters
using PSO. However, the working conditions were not divided. Both models
were applied to the prediction of the outlet copper ion concentration. The pre-
diction results are shown in Figs. 3.6 to 3.8. It can be observed that:

(i) When the copper removal process runs under steady-state conditions,
MCRSM and PSO-KM exhibit similar performance in following the vari-
ation trend of copper ion concentration. The performance of MCRSM is
slightly better than that of the PSO-KM, as shown in Fig. 3.6.

(ii) When the operation state fluctuates, the overall prediction performance of
MCRSM is better than that of PSO-KM, as shown in Figs. 3.7 and 3.8.
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FIGURE 3.7 Comparison of MCRSM and PSO-KM under periodic fluctuations.
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FIGURE 3.8 Comparison of MCRSM and PSO-KM under fluctuations with a trend.

(iii) When the operating state fluctuates periodically, the accuracy of MCRSM
is higher than that of PSO-KM. When the operating state fluctuates with a
trend, the accuracy of PSO-KM is close to that of MCRSM. However, the
error of MCRSM is more concentrated than that of PSO-KM.

Considering a long time range, the copper removal process can switch
among various different working conditions. As a result, the copper ion con-
centration fluctuates greatly. PSO-KM regards the copper removal process as
a single steady-state process. It cannot describe the transition between multiple
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TABLE 3.3 Identification results of model parameters under different work-
ing conditions.

Working condition ~ Kp x 10~ kg x 1075 D, x1077  kgypp x 1075
[ 4974008 3214009 3.17+0.13  4.52+0.11
I 5.13+0.11 3.42+0.12 3.27+0.10 471 +£0.13
Il 5.38+0.13 3.614+0.14  344+0.12  5.0240.18
[\ 461+£0.14  3.0940.10 3.01£0.09  4.32+0.08

TABLE 3.4 Numbers of recognized working conditions under different op-
erating states.

Operating state Working Working Working Working
condition | condition Il  condition Ill  condition IV

Steady state 41 9 0 0

Periodic fluctuation 18 14 16 12

Fluctuation with a trend 20 8 2 10

working conditions. Therefore, it is difficult to track the variation trend of copper
ion concentration accurately. However, the MCRSM can detect most transitions
of the working conditions by perceiving the variation of data features. This en-
sures the accuracy of the model under fluctuating working conditions. Table 3.3
shows the model parameters of the four working conditions, which are identified
by the MCRSM. Under different working conditions, the model parameters are
different. As a result, the consumption rate of copper ion concentration changes
with working conditions. Table 3.4 lists the recognition result of the working
conditions using MCRSM. When the process is operating under steady-state
conditions, the switching frequency of working conditions is low. The number
of recognized working conditions is small. When the operation fluctuates, the
working condition is prone to change, and the duration of each working condi-
tion is short. The number of recognized working conditions is large. This indi-
cates that the working condition recognition result of MCRSM agrees with the
practical situation of the copper removal process. Therefore, the MCRSM can
track and better describe the dynamics of the practical copper removal process.

In order to evaluate the model accuracy quantitatively, four indicators are
introduced:

mean absolute error (MAS),

root mean square error (RMSE),
maximum absolute error (MAE),
accuracy rate (accuracy probability [AP]),

where AP is designed according to the production requirement. It measures the
similarity between the predicted value and the measured value,

Ac=PYe(i) € [Yin (@) — 1, Y () + 0D, (3.36)
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where
Y.(i)=Y.(i) — Y, (i), (3.37)

0.02, 0<Y,(@) <0.15,
n=19 003, 0.15<7Y,(>) <045,
0.04, 0.45<7Y,3),

where Y. (i) is the model output, Y, (i) is the measured value, Y, (i) is the error
between Y. (i) and Y;, (i), and 7 is the precision threshold.

TABLE 3.5 Statistical results of MCRSM and PSO-KM.

Operating state Method  MAE RMSE  MAXABS AP
(g/L) (g/L)

Steady state MCRSM 0.010 0.019 0.036 0.96
PSO-KM 0.013 0.020 0.038 0.91

Periodic fluctuation MCRSM 0.021 0.023 0.078 0.85
PSO-KM 0.029 0.026 0.078 0.80

Fluctuation with a trend MCRSM 0.017 0.014 0.041 0.90
PSO-KM 0.021 0.019 0.058 0.86

The statistical analysis result of the model accuracy under the three working
conditions is shown in Table 3.5. When the copper removal process is under
steady-state conditions, the performance of PSO-KM is satisfying. It can effec-
tively predict the change of outlet copper ion concentration. However, when the
operating state fluctuates with a clear trend, the AP of MCRSM is 5% higher
than that of PSO-KM. The other indicators of MCRSM are also better than
PSO-KM. When the running state fluctuates periodically, the MAE and RMSE
of MCRSM are significantly reduced compared with PSO-KM. In addition, the
AP of MCRSM is 5% higher than that of PSO-KM. This illustrates that the
advantage of MCRSM is more remarkable when the operating state fluctuates.

References

[1] H.Zhang, Y. Li, J. Wang, X. Hong, The influence of nickel ions on the long period electrowin-
ning of zinc from sulfate electrolytes, Hydrometallurgy 99 (1-2) (2009) 127-130.

[2] A.M. Bond, 200 years of practical electroanalytical chemistry: past, present and future direc-
tions illustrated by reference to the online, on-stream, and offline determination of trace metals
in zinc plant electrolyte by voltammetric and potentiometric techniques, Analytica Chimica
Acta 400 (1-3) (1999) 333-379.

[3] K. Laatikainen, M. Lahtinen, M. Laatikainen, E. Paatero, Copper removal by chelating adsorp-
tion in solution purification of hydrometallurgical zinc production, Hydrometallurgy 104 (1)
(2010) 14-19.

[4] W. Djoudi, F. Aissani-Benissad, S. Bourouina-Bacha, Optimization of copper cementation
process by iron using central composite design experiments, Chemical Engineering Journal
133 (1-3) (2007) 1-6.



62

(31

(6]

(71
(8]
(91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]
[19]

[20]

Modeling and Optimal Control of Purification Process

F. Gros, S. Baup, M. Aurousseau, Intensified recovery of copper in solution: Cementation
onto iron in fixed or fluidized bed under electromagnetic field, Chemical Engineering and
Processing: Process Intensification 47 (3) (2008) 295-302.

S. Nosier, Y. Alhamed, H. Alturaif, Enhancement of copper cementation using ceramic sus-
pended solids under single phase flow, Separation and Purification Technology 52 (3) (2007)
454-460.

C. Noubactep, Elemental metals for environmental remediation: learning from cementation
process, Journal of Hazardous Materials 181 (1-3) (2010) 1170-1174.

J. Nisi, Statistical analysis of cobalt removal from zinc electrolyte using the arsenic-activated
process, Hydrometallurgy 73 (1-2) (2004) 123-132.

L. Lehtinen, M. Lahtinen, M. Jyrild, M. Vuokko, Method for the removal of copper from a
zinc sulphate solution, 2010, US Patent 7,682,581.

1. Yahiaoui, F. Aissani-Benissad, Experimental design for copper cementation process in
fixed bed reactor using two-level factorial design, Arabian Journal of Chemistry 3 (3) (2010)
187-190.

A. Dib, L. Makhloufi, Cementation treatment of copper in wastewater: mass transfer in a fixed
bed of iron spheres, Chemical Engineering and Processing: Process Intensification 43 (10)
(2004) 1265-1273.

B. Dénmez, F. Sevim, H. Sarag, A kinetic study of the cementation of copper from sulphate
solutions onto a rotating aluminum disc, Hydrometallurgy 53 (2) (1999) 145-154.

B. Zhang, C.H. Yang, H.Q. Zhu, Y.G. Li, W.H. Gui, Kinetic modeling and parameter estima-
tion for competing reactions in copper removal process from zinc sulfate solution, Industrial
& Engineering Chemistry Research 52 (48) (2013) 17074-17086.

J. Sedzimir, Precipitation of metals by metals (cementation)—Xkinetics, equilibria, Hydromet-
allurgy 64 (3) (2002) 161-167.

T. Knorr, M. Kaiser, F. Glenk, B.J. Etzold, Shrinking core like fluid solid reactions—a disper-
sion model accounting for fluid phase volume change and solid phase particle size distribu-
tions, Chemical Engineering Science 69 (1) (2012) 492-502.

C.Y. Wen, Noncatalytic heterogeneous solid-fluid reaction models, Industrial and Engineering
Chemistry 60 (9) (1968) 34-54.

G.L. Yong, H.G. Wei, K.L. Teo, Q.Z. Hong, Q.C. Qin, Optimal control for zinc solution
purification based on interacting CSTR models, Journal of Process Control 22 (10) (2012)
1878-1889.

H. He, E. Garcia, Learning from imbalanced data, IEEE Transactions on Knowledge and Data
Engineering 21 (9) (2009) 1263-1284.

J. Prasad, T. Souradeep, Cosmological parameter estimation using particle swarm optimization
(PSO), Physical Review D 85 (12) (2011) 123008.

M. Schwaab, E.C. Biscaia Jr., J.L. Monteiro, J.C. Pinto, Nonlinear parameter estima-
tion through particle swarm optimization, Chemical Engineering Science 63 (6) (2008)
1542-1552.



Chapter 4

Additive requirement ratio
estimation using trend
distribution features

Contents
4.1 Definition of additive 4.2.3 Case-based prediction
requirement ratio 63 with a trend distribution
4.2 Case-based prediction with feature 71
trend distribution features for ARR 65 4.3 Results 74
4.2.1 Variation trend extraction References 82
and classification 66
4.2.2 Extracting trend
distribution features 69

4.1 Definition of additive requirement ratio

In the copper removal process, zinc powder is used as additive to replace the
impurity copper ions [1]. According to the chemometrics of copper removal re-
actions, the dosage of additive is crucial for copper removal. On the one hand,
the additive dosage directly affects the reaction impetus and impurity removal
performance of each reactor. On the other hand, the additive is not fully uti-
lized in impurity removal as the practical production conditions are not ideal,
and the utilization rate of the additive varies with the inlet and reaction condi-
tions [2]. However, due to the complex reaction mechanism and time-varying
working conditions, it is difficult for human operators to estimate the additive
utilization rate. As a result, the precise determination of additive dosage is chal-
lenging [3]. Hence, in this chapter, an estimation framework for predicting the
additive utilization ratio is designed to eliminate this drawback [4].
To analyze the estimation problem, the following variables are defined:

e I;: the variable vector of the inlet conditions of the ith reactor (i =1, 2,
-+-,n), which consists of the impurity concentrations, the flow rate of the
inlet solution, etc.,

e A;: the amount of additive added to the ith reactor i = 1,2, ---,n),

o P;: the variable vector of the reaction conditions of the ith reactor (i =1, 2, - - -

including the temperature, pH of the solution, volume of the reactor, etc.,
e C?"": the outlet impurity concentration of the ith reactor (i = 1,2, ---, n).
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According to the chemometrics, the ideal additive amount added in the ith reac-
tor at time step k can be formulated as follows:

AM () = M @ k), Py (k), €27, (4.1)

where A IM (k) is the ideal additive amount of the ith reactor at time step k, fiM (o)
represents the additive model of the ith reactor, C I.g % denotes the target outlet
impurity concentration of the ith reactor, and I; (k) and P; (k) denote the values
of the inlet variables (flow rate, inlet concentrations, etc.) and the reaction con-
dition variables (pH value, temperatures, etc.) of the ith reactor during the time
interval of interest, respectively.

It is difficult to control the outlet impurity concentration precisely at its tar-
get value due to the frequent fluctuations of inlet and reaction conditions. The
main reason behind this drawback is the inequality between the actually required
additive dosage and the ideal additive dosage. Considering this problem, a con-
cept named additive requirement ratio (ARR) and its estimation framework are
proposed in this chapter.

As shown in Eq. (4.2), ARR is defined as the ratio between the actually
required additive dosage to achieve the expected impurity removal performance
and the ideal additive dosage calculated by Eq. (4.1):

Ef (k) = A3, () / £ Ui (k) Py (), €5, 4.2)

goal

where A7, ;

(k) indicates the actually required additive dosage to reach the de-
sired impurity removal performance. In Eq. (4.2), fiM @ k), P;(k), C l‘-goal) can
be obtained by the theoretical additive dosage model. However, the exact value
of Af:aall (k) cannot be calculated online.

To solve the above problem, it is assumed that the ARR is affected only by
the inlet and reaction conditions rather than the outlet impurity concentration.
In other words, under the same inlet and reaction conditions, the ARRs are the

same:

l f
Prge  Alw® _ AlGL® )
l FMA ). Py (), CE) M (), P k), C outter)

where Cl{ S 18 the target outlet impurity concentration of the ith reactor with

an arbitrary value and A;° (k) is the actually required additive dosage to
reduce the impurity concentration to the target value. Hence, ARR can be re-

formulated using the following equation:

_ Ai (k)
M@ P k), € (k + 1)

EA (k) 4.4)
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where A; (k) is the average actual additive consumption during the interval be-
tween time steps k and k + 1 and C{*' (k 4 1) is the impurity concentration at
the outlet of the ith reactor at time step k + 1.

In most cases, zinc powder is added to each reactor to replace the impurity
copper ions [5]. However, there exist some situations in which zinc powder is
not added to each reactor. Considering the latter more general case, if we assume
zinc powder is only added to the ith reactor, rather than the (i7)th reactor to the
(i + Dth reactor, then the ith to the (i 4+ [)th reactors can be viewed as one
reactor. The volume and residence time of the reactor equal the sums of those of
each reactor. Therefore, the formulation of ARR can be expressed as

A; (k)
M), Pi(k), Cop(k+ 1))

EA (k) = (4.5)

where El.A_H (k) and A;(k) are the ARR and the average additive consumption
of the ith to (i 4+ [)th reactors during the interval between time steps k and
k + 1, I; (k) is the average of the inlet conditions of the ith reactor between time
steps k and k + 1, P; (k) is the average of the reaction conditions of the (/ + 1)
reactors between time steps k and k + 1, and C l”j:; (k + 1) is the outlet impurity
concentration of the (i 4 /)th reactor at time step k + 1.

By using Eqgs. (4.4) and (4.5), the historical value of ARR can be calculated.
In practice, however, the value of ARR varies under different working condi-
tions. Under time-varying working conditions, the ARR of the last time interval
does not equal the current ARR [6]. Therefore, the ARR should be predicted to
provide useful information for making control decisions.

4.2 Case-based prediction with trend distribution features for
ARR

According to the reaction kinetics and chemometrics, the value of ARR is de-
termined by the numbers and types of chemical reactions in which the additive
participates. Therefore, the inlet and reaction conditions (e.g., concentrations
of reactants and products, pH, temperature, ORP) can affect ARR. In the cop-
per removal process, the volume of a chemical reactor is large. The residence
time of the leaching solution and additive in each reactor is long. The variations
of process variables during the residence time, which form the reaction atmo-
sphere, can affect ARR. Therefore, it is the trend of process variables rather than
their values at a moment that determines the value of ARR. Correspondingly,
the trend of process variables should be used as input to reconstruct the ARR.
A case-based prediction framework with trend distribution feature [7] (CBP-
TDF) is shown in Fig. 4.1. The proposed CBP-TDF consists of three parts. In
the framework, the trends of process variables are extracted and classified first.
Then, their distribution features are obtained. Finally, the ARR is predicted us-
ing an improved CBR algorithm with the process variables and their distribution
features as inputs.
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FIGURE 4.1 The framework for the estimation of the ARR.

4.2.1 Variation trend extraction and classification

In practice, the measurements can be classified into two categories, including
online measured process variables and discrete-delayed measured KPI or cop-
per ion concentration. The process variables change constantly during the offline
sampling period of copper ion concentration. The variation trends of these pro-
cess variables indicate the underlying change of copper ion concentration. As
the copper ion concentration cannot be obtained online, the variation trends of
these process variables are used to reveal the potential change of ARR.

TABLE 4.1 Physical meaning of the first and second derivatives
when taking different values.

Type Positive (+) Negative (—) Zero (0)

First derivative Rising Falling Stable

Second derivative Change rate is Change rate is Change rate is
increasing decreasing stable

Qualitative shape analysis (QSA) is one of the most common trend analysis
methods [8]. In this method, the primitives, which are a set of qualitative labels,
are used to describe the variation of variables of interest. Firstly, the first and
second derivatives of process variables are calculated. The physical meaning of
the first and second derivatives are listed in Table 4.1. As indicated by Table 4.1,
the trend of process variables can be divided into seven primitives according to
the values of their first and second derivatives, i.e., positive (+), negative(—), or
zero(0), as shown in Fig. 4.2. For example, if both the first and second deriva-
tives are negative, there is a nonlinear declining trend at this data point, which is
denoted as (—, —) or G. Through the combining of the primitives, the process
trend could be represented hierarchically.

By using the QSA approach [8], the trend of a process variable, which is
extracted by its qualitative shapes, can be described by a series of primitives.
However, the variation quantity of the variables, which can reveal the state of
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FIGURE 4.2 A sketch of primitives (A, B, C, D, E, F, and G are labels for the primitives).

the removal reaction, is not considered in the QSA method. For example, the
amount of impurities removed during the reaction time is related to the change
rate of ORP. The decision of additive dosage may be not appropriate and the
precision of ARR estimation could be reduced when the change rate of ORP is
neglected [9]. Therefore, in the proposed CBP-TDF approach, the performance
of trend classification is improved by also taking the variation quantity into con-
sideration.

4.2.1.1 Smoothing and normalization of process variables

Suppose x = {x1, x2, ..., X5} is the time series of process variables with length
m in the copper removal process. Before extracting the trend of x, it should be
smoothed and normalized. On the one hand, through smoothing of the real-time
process variables, some high-frequency noises which could lead to misclassifi-
cations among the trends can be decreased [10]. On the other hand, the min/max
normalization approach can reduce the influences of different dimensions,
which allows the comparison of variables with different orders of magnitude.
During the normalization of X, the minima and maxima are chosen from the his-
torical data set instead of the current interval. Therefore, a normalized variable
vector X' = {x],x}, ..., x},} with a transformed range of [0, 1] is obtained.

4.2.1.2 Differentiation of process variables and setting primitive
thresholds

For x, its first derivative vector x; = {d1, da, ..., dy—1} is produced from the
normalized variables by the discrete approximation of differentiation:

di=x—x_,, i>0. (4.6)

1
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The second derivative vector x5 = {81, 82, ..., 6;u—2} can be obtained by dif-
ferentiating x; = {d, da, ..., d;y—1} in the same way:

Si=d —d_,, i>0. 4.7

The range of first derivatives is [—1, 1], while the range of second derivatives

is [—2,2]. In order to classify the change rate of real-time process variables,

four thresholds of the first derivative vector are defined based on the historical
data set:

thy =Qia(xy), (4.8)
thy =Me(x;), (4.9)
thi =Me(x)), (4.10)

thy =Qa/a(x)), (4.11)

where x; = {d;|d; <0, d;eD}, x; ={d;|d; > 0,d;e D}, D is the derivative cal-
culated by all historical data instead of the limited data sampled from the current
interval, Me denotes the medium, —1 < thl_ < thz_ <0< th‘lF < th;' < 1, and
Q1/4 and Q3,4 represent the first and third quartiles, respectively. Through the
definition of thresholds, the trends of process variables can be divided into seven
types, which are labeled according to the magnitude of change (increase, stable,
and decrease) [10]. All seven types of trends are described in Table 4.2. Sim-
ilarly, in each type of trends, they are comprised of three classes according to
their second derivative values, which are shown in Table 4.3.

TABLE 4.2 Variation trend classification using
first derivatives.

Label Range Symbol
Rapid decrease di €[—1,th]] D(H, %)
Moderate decrease di € [thy ,thy ] DM, *)
Slight decrease di € [th; ,0] D(L, %)
Steady di =0 S(0, 0)
Slight increase d; € (0, thT] I(L, %)
Moderate increase d; € (th'l", th;'] 1M, *)
Rapid increase d; € (thg', 1] 1(H, %)

4.2.1.3 Identifying trends

Based on the above definition, 19 qualitative primitives can be generated, includ-
ing 9 types of increasing trend, 1 type of stable trend, and 9 types of decreasing
trend. As shown in Fig. 4.3, x(H, %), *(M, %), *(L, *), and (0, *) denote the ab-
solute values of the first derivative of a variable which are high, moderate, low,
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TABLE 4.3 Variation trend classification using
second derivatives.

Label Range Symbol
Concave shape 8; €[—2,0) D(x, —) or I(x, —)
Linear shape 8; =0 D(x*, 0) or I(x, 0)
Convex shape 8; €(0,2] D(*, +) or I(x, +)
X A X A |(H,O) X A X
1(M,0) S(0,0)
I(L,0)

\/

<A

Xi

5=0 5>0 5=0 5>0 5=0, 5>0
[omo)] [om»] [oeo] [oes] [1es | [1wo ][ ]
5:=0,

FIGURE 4.4 Decision tree for trend classification: x; denotes the ith variable and d; and §; denote
the first and second derivatives of x;, respectively.

and zero, respectively, x(x, +), *(*, —), and *(x, 0) denote the positive, nega-
tive, and zero second derivative of the variables, respectively, and D, I, and S
denote the decrease, increase, and stable trend, respectively. The decision tree
for classifying the qualitative primitives is shown in Fig. 4.4.

4.2.2 Extracting trend distribution features

In practical process, the state of a variable is identified as stable if its trend is la-
beled as steady, and unstable if its trend is labeled as rapid increase or decrease.
The distribution of variation trends during a time interval reveals the state of
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the corresponding process variable. The trends under similar operating condi-
tions are supposed to hold similar distributions even if they are sampled from
different time intervals. Therefore, if the features of the trend distributions are
extracted, the similarities of different process conditions can be evaluated by
comparing the trend distribution features. In the rest of this section, the steps
in extracting the trend distribution features are introduced, including sorting of
qualitative primitives and distribution feature extraction based on the probability
density function.

4.2.2.1 Sorting the qualitative primitives

Sorting the qualitative primitives is the first step in obtaining the characteristics
of the trend distribution. For better extraction of the trend distribution features,
an appropriate logic sort order is required. Then, a set of sorting rules based
on the change rates of qualitative primitives can be formulated. In the sorting
rules, the trend labeled steady S(0, 0) is set as the origin, which can be viewed
as an equilibrium point of a variable. Downward primitives are labeled as nega-
tive numbers, representing decrease of a variable. Upward primitives are set as
positive numbers, representing increase of a variable.

FIGURE 4.5 Cumulative variations of a primitive in unit time.

The cumulative variations of primitives with different shapes are shown in
Fig. 4.5, where the shade area is the cumulative decrement or cumulative in-
crement of a primitive. As indicated in Fig. 4.5, in unit time, the cumulative
increment/decrement of a variable with the same increment/decrement (Ax)
varies with the shapes of variation. If a variable increases, the concave shape has
the smallest cumulative increment, while the convex shape has the largest cu-
mulative increment. On the contrary, if a variable decreases, the concave shape
has the smallest cumulative decrement, while the convex shape has the largest
cumulative decrement. When the variation trends have the same shape, the value
of cumulative increment or decrement depends on the increase or decrease rate
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of a variable. When the trend label is less than zero, then the smaller the label
is, the larger the cumulative amount of the variable decreased per unit time is.
If the trend label is greater than zero, then the greater the label is, the larger the
cumulative amount of the variable increased per unit time is. This method real-
izes the quantitative description of trend distribution of a primitive. The sorting
of the 19 primitives is shown in Table 4.4.

TABLE 4.4 Range divisions and symbol assighments for the
second derivatives.

Primitive Label Primitive Label Primitive Label
D(H, +) -9 D(L, 0) -2 1(M, 0) 5
D(H, 0) -8 DL, -) -1 IM, —) 6
D(H, —) -7 S(0, 0) 0 I(H, +) 7
DM, +) —6 I(L,+) 1 I(H, 0) 8
DM, 0) -5 I(L, 0) 2 I(H, —) 9
DM, —) —4 L, —) 3

DL, +) -3 1M, +) 4

4.2.2.2 Estimating the trend distribution probability

The shape of the trend distribution is an external reflection of the internal state
of variables within an interval. Therefore, an adequate distribution function is
required to describe the trend distribution accurately. The trend distribution of
an industrial variable over a short time interval is not exactly the same as the
conventional distribution models (e.g., Weibull, Rayleigh, Gaussian, etc.). Us-
ing the conventional distribution models to estimate the trend distribution may
generate large errors. Thus, as a nonparametric method for estimating the prob-
ability density, the kernel density estimation approach is used to evaluate the
statistical properties of trend distribution [11].

If we denote the frequencies of the 19 qualitative primitives as a vector
s={s—9,---,5-1,50,51, ", 59}, then the probability density function of the
primitives is estimated through a kernel density function:

9
S — S

1
Ps) = 1o > K( ), (4.12)

i=—

where & denotes the bandwidth which could be selected by the plugin rule proce-
dure [11], K (o) is the kernel function, and P (s) is the trend distribution feature
describing the process state.

4.2.3 Case-based prediction with a trend distribution feature

The principle of case-based prediction (CBP) is reconstructing ARR using cases
retrieved from a database with high similarity with the current process [12][13].
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The similarities between cases, which consist of process variables, are calcu-
lated using a distance function. However, the conventional CBP is not appro-
priate for predicting ARR when the cases consist of trend distribution features.
The reason is that the trend distribution features consist of a series of probability
density functions. The similarity between these functions cannot be calculated
by the distance function adopted in the conventional CBP. Therefore, it is nec-
essary to develop a case-based prediction strategy [14] which can calculate the
similarity between both trend distribution features, which is measured through
the Kullback—Leibler (KL) divergence [15], and process variables.

4.2.3.1 Similarity measurements for the trend distributions and
industrial variables

Denote Cy = {vk1, -+, Vim, Pr1(s), -+ -, Prp(s), Er} as the kth case in the case
database, where vy; is the value of the jth process variable (j =1,---,m) in
the case, Pg;(s) is the jth trend distribution feature (j =1,---,b), and Ej
is the value of ARR. Denote Linpur = {Vinpur-1> -+ > Vinpur-m»> Pinput-m (8), -+,
Pinpur»(s)} as the input vector of the ARR prediction algorithm, where
Vinpur-j (j=1,---,m) and Pyppy;.i(s) (i =1,---,b) are the process variables
and the trend distribution features, respectively. Consequently, the similarity be-
tween the jth trend distribution feature of the current input vector and the jth
trend distribution feature of the kth case in the database is

Pinput-j (s)

4.13
Pyj(s) @-13)

St (Pinpur-j» Prj) = Z Pinpur.j(s)log
N

The total similarity between all the trend distribution features of the current
input vector and the kth case in the database is

b

70 Pinput: Pi) = Y i S7p(Pinput.j || Pij), (4.14)
j=1

b
where o is the weight of the jth trend distribution feature and ) «; = 1.
Jj=1
The similarity between the process variables of the kth case Cy and the in-
put vector I, which is expressed as D(i, vi), is calculated using the Euclidean
distance function:

m
Spv (Vinput: Vi) = »_wjlij — vgjl. (4.15)
j=1
m

where w; is the weight of the jth process variable and ) w; = 1.
j=1
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4.2.3.2 Prediction of ARR

The similarity between the current input vector / and the kth case Cy is a com-
bination of S7p (Pinput, Px) and Spy (Vinput, Vi), which is formulated as

Stotal X, Cx) = ASTp ST D (Pinput, Px) + (1 — 1) Spv (Vinput, V),  (4.16)

where A is the similarity weight.
A similarity threshold (/) is used to screen the cases. The ARR is esti-
mated as a weighted average of the ARRs of the selected cases:

Num

EP =p; Z E?, (4.17)
i=1

where ET is the estimated ARR, Num is the number of selected cases, and E ZS
is the ARR of the ith selected case. The weight §; is the similarity ratio between
the ith selected case and all the selected cases:

/3_ _ Stotal (I, Cl)
YT Num ’

Z Stotal (Iv Cl)

i=1

(4.18)

It can be observed from the formulation that the performance of the TDF-
CBP approach depends on the selection of weights («; ~ ap, wi ~ wy,, and 1),
which can be optimized by minimizing the differences between the estimated
ARR and the actual ARR:

Nopt
Y [Eactuati — frorF—cep®@i o1, -+ ap; wi, -+, s A)]?

i=1

min J= )
Nopt

sit. 0<a;j<1,j=1,---,b,
O<w;<1,j=1,..,m,
0o<ia<l, (4.19)

b

ZO{J' = l,
j=1

m
ij = 1,
j=1

where frpr_cpp is the estimated ARR using the TDF-CBP method, I; (i =
1,--+, Nop) is the ith input of the function, and Eg¢syq.; is the actual ARR
corresponding to the ith input.
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4.3 Results

To test the performance of the ARR estimation framework, a simulation is con-
ducted using real industrial data covering two representative operating condi-
tions. In the first type of operating condition (operating condition I), the process
is relatively stable with slight oscillations in the ARR. In the second type of
operating condition (operating condition II), the ARR varies dramatically due
to the fluctuating inlet and reaction conditions. Under each operating condi-
tion, two control approaches determining additive dosage are applied. In the
first control approach, additive dosage is calculated online using an additive
model (AMC) which is built based on the stoichiometric relations in the copper
removal reactions:

May =1 —-0.5¢)Ucu —Geu) FT, (4.20)

where M 4y denotes the additive dosage, ¢ is a reaction ratio coefficient, /¢,
and G¢, denote the inlet and target copper ion concentrations, respectively, F
is flow rate of the inlet solution, and I" is the ratio between the molar masses of
zinc and copper. Therefore, considering a single reactor, the ARR of the AMC
approach at time step k is

MZn

Eam(k) = __
au®) (1= 0.5¢) [Icu(k) — C2 (k + )] FT

421

where Cg’fj (k + 1) is the outlet copper ion concentration at time step k + 1,

Gy (k) is the inlet copper ion concentration at time step k, and Mz, and F
are the average mass flows of additive and average inlet flow rate between time
steps k and k + 1, respectively. In the second control approach, additive dosage
is obtained using model predictive control (MPC):

My pc = fupcUcu,Geu, F.T,eorpP.€pn), (4.22)

where My pc denotes the additive dosage, T is temperature, egr p is ORP, and
epn is the pH of the leaching solution. Then, similarly, the ARR of the MPC
approach at time step k is

Mypc
fupcUcu(k), CEl(k+1), F(k), T(k), eorp (k) epr (k)
(4.23)
where My pc is the average mass flow of additive between time steps k and
k+1.
The ARRs under the four situations (two operating conditions, two different
control approaches for each operating condition) are estimated using the pro-
posed CBP-TDF approach. For comparison, the ARR is also predicted using

Eypck) =
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FIGURE 4.6 ARR estimation results when using the AMC approach under operating condition I.
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FIGURE 4.7 ARR estimation results when using the AMC approach under operating condition II.

conventional CBR and ARIMA algorithms. Four indices are selected to evalu-
ate the estimation performance, including the mean absolute error (MAE), the
deviation range (DR), the root mean square error (RMSE), and the p-value.
For the AMC approach, the estimation results of ARR under operating con-
dition I using different approaches are shown in Fig. 4.6. It can be observed
that CBP-TDF has a narrower range of prediction errors compared with CBP
and ARIMA. As shown in Fig. 4.7, when the process is under operating con-
dition II, the CBP is able to follow the trend when ARR has sharp and rapid
fluctuations. Obvious discrepancies occur when ARR rises or drops sharply.
However, the CBP-TDF method can still perform well under this situation. The
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FIGURE 4.8 ARR estimation results when using the MPC approach under operating condition 1.
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FIGURE 4.9 ARR estimation results when using the MPC approach under operating condition II.

distributions of the prediction error and the similarities between the calculations
and predictions also prove that CBP-TDF performs well, compared with the
other prediction algorithms. Figs. 4.8 and 4.9 illustrate the estimation results of
ARR in the MPC approach. Similarly to the AMC case, it can be observed that
the ARR estimated by the CBP-TDF algorithm is also closer to the actual value.

Tables 4.5 and 4.6 show the statistical indices of the prediction performance
under all four situations. For the AMC approach, when the process is under
operating condition II, the proposed algorithm is mostly close to the actual
value. When the process is under operating condition II, MAE and RMSE of the
proposed algorithm increased from 0.024 and 0.032 to 0.039 and 0.049, respec-
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TABLE 4.5 Comparison of ARR estimation results for the AMC approach.

Operating Prediction MAE DR RMSE p-value

condition method

I CBP 0.071 [-0.16, 0.14] 0.083 0.5606
CBP-TDF 0.024 [-0.07, 0.07] 0.032 0.8449
ARIMA 0.097 [-0.20, 0.18] 0.112 0.7819

Il CBP 0.089 [-0.24, 0.25] 0.098 0.7847
CBP-TDF 0.039 [-0.15, 0.13] 0.049 0.9861
ARIMA 0.113 [-0.23, 0.22] 0.131 0.4760

TABLE 4.6 Comparison of ARR estimation results for the MPC approach.

Operating Prediction MAE DR RMSE p-value

condition method

| CBP 0.071 [-0.19, 0.17] 0.106 0.3377
CBP-TDF 0.024 [-0.10, 0.10] 0.061 0.9701
ARIMA 0.097 [-0.19, 0.17] 0.117 0.9605

Il CBP 0.089 [-0.17, 0.17] 0.094 0.7659
CBP-TDF 0.039 [-0.11, 0.08] 0.049 0.8906
ARIMA 0.113 [-0.15, 0.16] 0.117 0.8313

tively. Under both operating conditions, the performance of CBP-TDF is better
than that of the other algorithms. The advantage of CBP-TDF is also observed
in the MPC approach. The MAE and RMSE of CBP-TDF are the least under
the two operating conditions. In addition, the deviation ranges of the proposed
algorithm are narrower than the others. However, the performance of CBP-TDF
in the MPC approach is a little poorer than in the AMC approach. An explana-
tion is that the changes of the coefficients which are used in the MPC and not
considered in CBP-TDF have influence on the prediction result. A 7-test was
performed to estimate the differences between the predicted and actual ARR.
The p-values indicate that there are no significant differences between the pre-
dicted and actual ARR for all prediction algorithms. In addition, the predicted
values obtained by CBP-TDF have less differences with the actual ARR.

In CBP-TDF, the values of the coefficients and weights in the similarity cal-
culation are listed in Table 4.7, where a1, a2, o3, and g are the weights for
ORP, temperature, flow rate, and additive dosage in the trend similarity cal-
culation, respectively; wi, wa, w3, w4, ws, and wg are the weights for ORP,
temperature, flow rate, additive dosage, and the inlet and outlet copper ion con-
centrations in process variable similarity calculation, respectively. It is observed
that the weights of ORP («; and w;) under operating condition I are higher than
those under operating condition II. This is mainly because the ORP could reveal
the underlying change of copper removal reactions. In addition, under operat-



TABLE 4.7 Optimized weights and coefficients in ARR prediction of two control approaches.

Control approach Operating condition
AMC approach I

MPC approach |

[oer, 002, 003, 0t4]

[0.25, 0.10, 0.21, 0.24]
[0.27, 0.07, 0.22, 0.24]
[0.24, 0.10, 0.23, 0.23]
[0.27, 0.06, 0.23, 0.25]

[w1, w2, w3, wy, ws, wel

[0.25, 0.09, 0.14, 0.20, 0.19, 0.13
[0.28, 0.06, 0.16, 0.20, 0.20, 0.10
[0.23, 0.07, 0.16, 0.21, 0.20, 0.13
[

]
|
|
0.28, 0.07, 0.19, 0.20, 0.19, 0.07]

0.6

0.47
0.59
0.43
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FIGURE 4.10 The additive model setting integrated with zinc requirement ratio prediction.
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FIGURE 4.11 The model predictive control integrated with zinc requirement ratio prediction.

ing condition II, the value of similarity weight A could still not be neglected
although it is decreased compared with operating condition I.

To verify the effectiveness of ARR in the control of copper removal pro-
cess, it is applied in the AMC and MPC approaches, as shown in Figs. 4.10
and 4.11. ARR is predicted online using CBP-TDF and used to correct the addi-
tive dosage given by the AMC or MPC approach. The actual ARR is calculated
using the actual zinc powder consumption, the outlet copper ion concentration,
and related process variables. The difference between the predicted ARR and
the calculated ARR is used to adjust the ARR prediction model. To evaluate the
control performance, three indices are introduced, which include qualification
ratio, fluctuation range, and median. The qualification ratio is calculated as

N
Ro= N—f x 100%, (4.24)
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where N denotes the number of samples whose outlet copper ion concentration
is located in the range specified by the production requirement and N4 denotes
the number of all the samples.

The simulation results of the four control approaches, including AMC, AMC
integrated with zinc requirement ratio prediction (AMC-ZRRP), MPC, and
MPC integrated with zinc requirement ratio prediction (MPC-ZRRP), are shown
in Figs. 4.12-4.15. Fig. 4.12 shows the copper ion concentration and flow rate
of the inlet solution during the simulation. Fig. 4.13 shows the additive dosages
given by the four control approaches. Figs. 4.14 and 4.15 present the value and
statistical analysis of the resulting outlet copper ion concentration using the four
control approaches. It is observed that the outlet copper ion concentrations of the
AMC approach are mostly lower than the lower limit of the outlet copper ion
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FIGURE 4.15 Frequencies of the outlet copper ion concentration under four control approaches.

concentration. However, in the AMC-ZRRP approach, the amounts of zinc pow-
der are less than those in the AMC approach most of the time, which keeps the
outlet copper ion concentration in the specified range. The zinc powder dosage
given by MPC is close to that given by AMC-ZRRP. However, the MPC ap-
proach changes more sharply and greatly than AMC-ZRRP, which is easier to
make the process unstable. The MPC-ZRRP approach can adjust the dosage of
zinc powder smoothly and timely, and nearly all the outlet copper ion concen-
trations are qualified. To sum up, the qualified ratios of the outlet copper ion
concentrations of AMC and MPC are increased by 27% and 6%, respectively
(Table 4.8). Moreover, the adjustment of zinc powder dosage can adapt to the
underlying change of inlet and reaction conditions, which proves the effective-
ness of the proposed approach.
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TABLE 4.8 Comparison of ARR estimation results for the MPC approach.

Approach QR (%) FR (g/L) M (g/L) AZM (kg/L) p-value
AM 63 [0.10, 0.41] 0.20 90 8.71 x 104
AM-ZRRP 90 [0.18, 0.40] 0.25 77

MPC 88 [0.18, 0.41] 0.25 74 0.0948
MPC-ZRRP 96 [0.19, 0.40] 0.27 70
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5.1 Copper removal performance evaluation based on ORP

In order to precisely control the copper ion concentration to its set-point, the zinc
powder dosage has to be determined accurately to account for the actual need of
copper removal [2][1]. In practice, the operators evaluate the operating condition
and adjust the zinc powder dosage according to the inlet and outlet copper ion
concentrations. However, with the discrete-delayed measurement of copper ion
concentrations, the operation is not able to follow the variation of inlet and outlet
copper ion concentrations in time, which may lead to instability of the process
[3]. According to the kinetics of multielectrode reactions, ORP, which is related
to the reaction rate, is a real-time external indicator of the internal reaction state.
Therefore, ORP can be utilized in the monitoring and adjusting of the copper
removal process [5][6][4].

5.1.1 Relationship between copper ion concentration and ORP

Before evaluating the copper removal performance based on ORP, the relation-
ship between ORP and the outlet copper ion concentration has to be analyzed.
The copper removal process mainly involves two oxidation—-reduction reactions:
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(i) Copper cementation: CuSOy4 + Zn — ZnSO4 + Cu.
(ii) Copper comproportionation: CuSO4 + Cu + HyO — Cu;0 | +H;SOy4.

The two reactions follow first-order chemical reaction dynamics, whose reaction
rate can be expressed as

ri =—kC, (5.1)

where r; is the reaction rate of the ith main reaction (i = 1, 2), C is the outlet
copper ion concentration, and k; is the rate constant of the ith main reaction
(i = 1,2). Based on the independence principle of coexisting chemical reactions
and mass balance principle, the reaction rate of copper ions can be expressed as

dC
ﬁzm +rp=—(k1 + k)C. (5.2)

According to the Arrhenius equation, the activation energy E,.; can affect

the rate constant k;:
E L
ki = Ajexp (— R“T’ ) , (5.3)

where A; and E,.; are the preexponential factor and activation energy of the
ith main reaction, respectively, R is the gas constant, and 7T is the absolute
temperature.

From the perspective of the electrode reaction, the main electrochemical re-
action on the anode is

Zn — Zn** 4 2e, E’=-0.736 V. (5.4)
On the cathode, the reactions include

Cu?* +2e~ — Cu, E*=0337V, (5.5)
2Cu*t + Hy0 + 2¢~ — CupO + HT, E®=0.203 V. (5.6)

According to the independency principle of parallel electrode reactions, these
reactions share a common electrode potential. The electrode potential, also
known as mixed potential, determines the reaction rate by affecting the acti-
vation energy or the electron transfer rate between oxidant and reductant [7][8].

According to the kinetics of the electrode reaction, the actual activation en-
ergies of the anode and cathode reactions can be formulated as [9]

E.. = Ega — (1l =MnF(enix — eeq),

0 5.7
Eee = Eec —AanF(epix — eeq)v

where EO and EY. are the standard activation energy of the anode and cathode
electrode reactions, respectively, e;;;x is the mixed potential, e, is the standard
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equilibrium potential,  is the number of electron moles, F' is the Faraday con-
stant, and A and (1 — A) are the coefficients describing the effects of electrode
potential variation on the activation energy of the cathode and anode electrode
reactions [10].

There are two opinions on the relationship between mixed potential and
ORP. One is that ORP and mixed potential exhibit a linear relationship:

€mix = PCorp — {4, (5.8)

where p and g are parameters to be identified. The identification result indicates
that p is close to 1 and g is close to 0. The other opinion is that ORP equals the
mixed potential. Then, by combining Eq. (5.2) and Eq. (5.8), the mathematical
relationship between ORP and copper ion concentration is

In <%) —; |:A16Xp (_ Ee. +2)\F(Peorp +q— eeq~l))

0 RT

Ecr + )\F(pearp +q— eeq-2) (5.9)
RT ’ '

+Azexp (—

where R, F, eq4.1, and e.,.2 are constant; the values of Cy and T are obtained
by measurement; E..;, E.2, A, A1, A2, p, and g are unknown and need to be
identified by minimizing the difference between the predicted outlet copper ion
concentration (Ck;ineric) and the measured concentration (Cyq;):

1
min — Y [Chinetic(k) — Crear (k)1 , (5.10)
TS

where nr is the number of identification samples.

5.1.2 ORP-based process evaluation

Analyzing ORP is a feasible approach to evaluate the reaction state of the cop-
per removal process [6]. However, copper removal is a complex process with
various influencing factors. Other impurities in the solution can also affect the
reaction state, which introduces uncertainties in the relationship between ORP
and copper removal performance. To handle these uncertainties, fuzzy logic is
selected for process evaluation [11][12][13].

ORP is an indicator of the current state of the copper removal process, while
the variation of ORP indicates the trend of the copper removal performance [14].
If we only utilize the current value of ORP in process evaluation, then the ob-
tained evaluation result is inaccurate, which misguides the process operation.
For example, if the ORP is more positive than its normal upper limit, then the
process is considered to be in a serious state (extreme shortage of zinc powder)
and more zinc powder is required. However, if the inlet copper ion concentration
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decreases sharply and the required zinc powder dosage is decreased accord-
ingly, then the process will enter another serious state (excessive zinc powder).
Therefore, both ORP and its variation trend should be utilized in the process
evaluation.

In the evaluation process, ORP and its trend are classified into several fuzzy
sets with different fuzzy membership functions. The kinetic model and the pro-
duction limitation of the concentrations are used to determine the parameters of
these membership functions. After the fuzzification of ORP and its trend, a set
of fuzzy inference rules is adopted to evaluate the process performance [15].

The evaluation schedule mainly consists of four stages. The first stage is
preparing the input variables. A linear regression method is applied to extract
the real-time trend of ORP. The trend extraction includes the following steps.

Step 1: Determine the initial window size of the time series as W, and set the
threshold 6.

Step 2: In the time window, build a linear model to approximate the time series
of ORP:

(k) =a(k — ko) + b, (.11

where k is the time step in the window, kg is the initial time step, X(k) is
the approximated value, and @ and b are parameters of the linear regression
model, whose values are determined by minimizing the sum of least-squares:

w
S= (k) — x(ki)%, (5.12)

i=0

where x (k;) is the actual value of ORP at time step &; in the original window.
The fitted parameter a represents the initial ORP trend. The singular value
decomposition method is used to account for the matrix singularity.

Step 3: Add a new data point to the window.

Step 4: Calculate the sum of least-squares with the fitted model over the new
windows. If § is less than 6, then repeat step 3. Otherwise, the new data point
will be treated as the initial data of the new window, and step 2 is repeated.

In stage 2, the input variables are converted to linguistic variables, which is
known as fuzzification. Three types of membership functions are used in this
stage.

Type 1: The generalized bell membership function:

where 8/ and w] (i =—3,---,3, j = 1,2) are the center and amplitude of
the curve, respectively, and m is a positive constant.
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Type 2: Z-shaped membership function:

1, xfa-/,
—ai \2 : Y
) 1_2()( 0",.) , o’ <X<M’
j( ): BJ—al — — 2
o 2 x=B7\? o Bl )
ﬁj—aj ’ T_X_ﬂ ’
0, x=>p,

where both / and B/ are parameters deciding the slope of the curve ¢/ (x).
Type 3: S-shaped membership function:

0, x<cl,
SN2 . .
x—c’ i - dl
Y (x) = z(df—cf) ’ L =x=75
— L, |
1=2(£22), Sl <y <al,

1, x=d,

where both ¢/ and d/ are parameters deciding the slope of the curve ¥/ (x).

According to the reaction kinetics, the increase of ORP indicates an increas-
ing copper ion concentration and vice versa. However, the reflection is vague.
The fuzzified value should be of physical meaning and suitable for control.
Therefore, the definition of those membership functions should take the limi-
tation of the outlet copper ion concentration into account. Denote the limitation
of the outlet copper ion concentration as [Lyy, Lyax]- The parameters in the
ORP membership function are calculated according to the limitations by using
eorp = 8(Cc,2+), which is the inverse function of Eq. (5.9). To make the eval-
uation more intuitive, the fuzzy sets are labeled by fuzzy languages indicating
reaction states of the copper removal process. If the outlet copper ion concen-
tration is at the center of production limitations and ORP is in a stable situation,
then it is abbreviated as S. Similarly, if ORP is relatively low or very low, it is
labeled as little low (LL) or very low (VL). If ORP is relatively high or very
high, it is labeled as little high (LH) or very high (VH).

The trend of ORP indicates its underlying variation, which determines the
future value of ORP. A sharp trend can force ORP to return to a stable situ-
ation from an unstable one within minutes. It can also cause the deviation of
ORP from an originally stable situation within seconds. Therefore, the param-
eters of the ORP trend membership functions are determined according to the
influence of the ORP trend on the ORP state. Denote the time threshold for ORP
trend analysis as T(min). If ORP skips or drops from one condition to a higher
or lower situation during T minutes, its trend is viewed as low positive or low
negative. If ORP skips or drops from a stable situation to the highest or low-
est situation, its trend is labeled as high positive or high negative. The relevant
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TABLE 5.1 Parameter calculation and fuzzy language definition for ORP.

Label Meaning  Function Calculation of parameters

VL Very low o' (x) al =g(Lyy), B =a' — pro!

LL Little low plyx) ol =g(@i Ly + (1 — g1)Luax), o', =pi(o} —a'), m=2
S Stable 1) a5 = g(@oLay + (1 = qo)Lyax), o = po(o) —ol}), m=2
LH Little high i) ol =@ Ly + (1 — g1 Lyax), @] = pi(d' —ag), m=2
VH Very high ¥l (x) d' = g(Lyax), ¢! =d' + pro}

TABLE 5.2 Parameter calculation and fuzzy language definition for the trend
of ORP.

Grade Meaning Function Calculation of parameters

HN High negative 2 (x) a’=(@! —dY/z, pP=a® —rw?,

LN Low negative B2, (x) o2, =@l —aDh/r, 2, =110 —a?), m=2
A Zero u(l)(x) a&:O, w%:ro(alz—azl), m=2

LP Low positive pl) ol =(o] —ol /T, & =ri(d®*—0o}), m=2
HP High positive W2 (x) d*=@" — oY/, t=d?+ o}

information of fuzzification of ORP and its trend are presented in Tables 5.1
and 5.2. Fig. 5.1(a and b) shows the shapes of the memberships.

In stage 3, a set of rules is applied on the fuzzy sets obtained in stage 2 for
evaluating the copper removal process. Both ORP and its trend are considered
in the process evaluation. If both ORP and its trend are in an acceptable sit-
uation without fluctuation, then the copper removal process is considered in a
stable state. If ORP is in an acceptable situation, however, with a sharp trend,
then the process is not as stable as the value of ORP indicated. Similarly, if
ORP exceeds its normal limitation, however, with a good trend leading to an
acceptable situation, then the process situation is not as bad as it seems to be
[16]. Therefore, according to this idea, the fuzzy inference rules for process
evaluation are formulated, as shown in Fig. 5.1(c) [17]. The evaluation linguis-
tic variables are obtained by the Max-Prod operator following the Larsen fuzzy
inference method [18].

In stage 4, the linguistic variables are converted into a single numerical
value, i.e., the evaluation grade. The centroid defuzzification method is applied
where the crisp value of the output variable is computed by finding the center
of gravity of the membership function for the fuzzy value [19][20]. The output
value is calculated as

o iy )Y
- n .

Zi: 1 w(yi)
A more positive grade means a situation with a higher concentration and vice
versa. An evaluation grade closer to zero indicates a more stable process con-

(5.13)
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FIGURE 5.1 Fuzzy logic process evaluation based on ORP.

dition. Fig. 5.1(d) shows the evaluation grade surface of the process, which
displays the relationship between two inputs (ORP and its trend) and the re-
sponse output (evaluation grade).

5.2 Controllable domain-based fuzzy rule extraction for
copper removal

In this section, a fuzzy rule extraction approach based on the concept of con-
trollable domain (CD-FRE) is introduced. The fuzzy rule extraction approach
mainly includes two parts, as shown in Fig. 5.2. First, the controllable domain,
which indicates the achievable control effect under an operating condition, is
classified according to the evaluation grade of the copper removal process.
Then, the fuzzy control rules are extracted for each domain based on a fuzzi-
fied SVM [21].

5.2.1 Data preparation

The chemical reactors in the copper removal process have large volumes, which
give rise to the cumulative effect. There exists a certain time delay between con-
trol and response [22]. Therefore, before rule extraction, the production data are
preprocessed. Denoting the reactor volume and flow rate as v and xj, respec-
tively, the time delay can be computed approximately as 7p = «v/x1, where «
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FIGURE 5.2 The framework for the controllable domain-based fuzzy rule extraction.

TABLE 5.3 Input variables for fuzzy rule extraction.

Variable name Detection method Symbol Input variables
Flow rate [m/h] Online x1 d®a',....a "
ORP [mV] Online X2 d%a-l,...,a T
Zinc powder dosage (#1) [kg/h] Online x3 ad-!,...,d T
Zinc powder dosage (#2) [kg/h] Online x4 d®d',... .d7"
Inlet Cu>* concentration [g/L] Offline X5 d!

Outlet Cu** concentration [g/L] Offline X6 d-!

is a coefficient. The times of lag taps could be calculated as I' = Tp /T, where
Ts is the sampling interval of the real-time process variables.

Therefore, the selection of input variables for rule extraction should take
the time delay into consideration, as shown in Table 5.3. The selected in-
put variables include discrete-delayed measurements of inlet and outlet copper
concentrations and the current and lagged values of online measurable pro-
cess variables. The lagged value of a process variable can be represented by
the combination of the process variable and a backward operator d~/, i.e.,
xj(t—i)y=x;(t)d".

Besides the preprocessing of time delay, ORP and its trend are transformed
to the evaluation grade using the method introduced in Section 5.1 using a fuzzy
logic technique: g = fgvaL(x2, dx2), where x> and dx, denote ORP and its first
derivative, respectively, and g and fgyar (e) are the evaluation grade and a fuzzy
function converting ORP into g, respectively.
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5.2.2 Controllable domain determination

Due to the diversity of operators’ experience, they give different operations
under similar operating conditions, resulting in distinct copper removal per-
formance. Therefore, the operation records should be screened and classified
before fuzzy rule extraction, which includes three steps: representative con-
trollable sample labeling, controllable sample classification and exclusion, and
controllable domain classification.

1) Representative controllable sample labeling: Denote the set of input
variables as I = {Ig, Iy}, Iz € R™4T+D 1) € R™4, where Iy = {deo,
ceoxpdb oo xadO, - ,X4dr} and Iy, = {X5,X5d_l,X6,X6d_l}. First, the
data samples in data set I are labeled. Copper removal is a continuous pro-
duction process. The variation of the operation performance during an interval
of certain length can be used to evaluate the control operation. Several types
of control performance are defined by the value and variation of the evaluation
grade during the observation interval, as shown in Fig. 5.3.

A Gorp A Gorp
|
—————————— |— 'g;/CP
:_-;:w---j- -8 ng
— ~— > ;
__________ |_ y g([)PT
__________ gl
t
—>

Tp to

A GORP A GORP

Tp

(b) Fine control effect (c) Good control effect

FIGURE 5.3 Typical movements of evaluation grades for a data sample with different controllable
labels.
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Definition 1. If the evaluation grade keeps stable in the optimal range from
to — Tp to tg, which can be described as

g(t)e[gésgg]v IG[IO—IDJO]:
L U
_l’_
1801 < 5080 e iy —1p. 101,
Tp

where gé and gg are the lower and upper limits of the optimal range of the
evaluation grade, respectively, or when g(#) reaches the optimal range from an
nonoptimal value with no fluctuations, which can be described as

g(to—Tp) ¢ 185,51,
g(to) € [g5. g%,
g (Oxa(to — Tp) — 0.5(g5 + g1 < 0,1 € [to — Tp, 1o],

then the corresponding data sample is labeled as an excellent control effect sam-
ple.

Definition 2. If the evaluation grade reaches the optimal range from a nonop-
timal range during the interval [ty — Tp, fp] and stays in the acceptable range
after T, which can be described as

g(to—Tp) ¢ [85.80):

gt elgh. g1t elto — Ts. to],

g(t0) €186 801
where g/I; and gg are the lower and upper limits of the acceptable range of
evaluation grade, respectively, and T is the time the evaluation grade reaches

the acceptable range for the first time, then the corresponding data sample is
labeled as a fine control effect sample.

Definition 3. If the evaluation grade reaches the acceptable range from the un-
acceptable range during the interval [ty — Tp, o] and stays in the acceptable
range after being acceptable, which can be described as

g(to—Tp) ¢ [g5. 891,

L U
1g'(1)] < 84184
Tp

st e[ty —Ts, o],
(o) € 185, g{1n1g5. 521,

then the corresponding data sample is labeled as a good control effect sample.
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2) Controllable sample classification and exclusion: Due to the complex op-
erating conditions and diversity of operators’ experience, only a part of the sam-
ples can be identified using the proposed definitions. In addition, the irrational
operation samples must be excluded. Therefore, the sample selection process is
labor-intensive. An improved positive and unlabeled (PU) learning approach is
applied to classify samples and exclude poor samples [23][24][25][26].

The kNN-PU algorithm has beens designed for two-class classification prob-
lems [27]. It cannot be directly applied to classify the operation data samples
into multiple controllable domains. Therefore, the multiclass data sample clas-
sification problem is transferred to a series of two-class problems. First, some
samples with excellent control effect are labeled. The kKNN-PU algorithm is used
to identify all the samples with excellent control effect from the data set. These
samples form the excellent controllable domain. Before further classification
of the remaining samples, the samples, whose input characters are similar to
excellent samples but have a different control effect, are excluded. Then, all the
samples with fine control effect are selected to construct the fine controllable do-
main. Similarly, the samples with good control effect are selected to construct
the good controllable domain. The remaining unclassified samples are used to
construct the marginal controllable domain. Fig. 5.4 and Algorithm 1 show the
procedure of controllable domain classification.

In Algorithm 1, the process condition similarity (PCS) is expressed as

mo2 _
Dk W X Uik XY~

SimPC (lli 5 y/) = , (5 14)
\/ka=l (wiw; ) — f’“‘\/ZZLl (wiy; > = B
where
r
€= wpy o x (nfd™ xomy ;d™ ol d ™ xmd jd70). (5.15)
a=0
r

=) [wrznl,a(mf,id‘“)z + (mé,id‘“)z] : (5.16)

aFO
B =3 (Wl o On] =+ (), a2 (5.17)

a=0

where u; is the ith sample of excellent/fine/good control effect sample set
2

(sl.l, s?, S?), yj is the jth sample of the first/second/third left sample set
(s;,s/,s!), wjx and y jk are the kth variables of u; and y;, respectively, wy is
the weight of the kth variable, m)f ; and m)zc ; are the zinc amounts of the first and
second reactors of u;, respectively, m{l and m;l are the zinc amounts of the first
and second reactors of Y respectively, and w14 (Wn1,q € W ={wi, ..., wy})
and w24 (W24 € W ={wi, ..., wy,}) are the weights of m1d~¢ and mod™¢,

respectively.
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Algorithm 1 PU learning based on kNN and SVM.

Input: I = {Ig,L,} ={s1, - ,smo}T, the industrial sample set, Os7ys, thresh-

old

Output: The controllable domains

1:
2:

A

*®

10:

11:
12:
13:
14:
15:
16:

17:
18:

19:
20:

21:
22:
23:

24:

Label the “excellent” controllable samples from I according to Definition 1
Apply the kNN-PU learning algorithm to classify all the “excellent” con-
trollable samples from I, and denote the “excellent” controllable and the
left sample sets as C1 = {sll, e ,srlnl}T and S1 = {lel, e ,sé%}T (ml +
m2 = m0), respectively

for each “excellent” controllable sample si] do
for each left sample sfl do
Calculate the PCS value Simpc(si1 , stl)stl
if Simpc (s, s}l) > Og1m then
reject stl from S1
Obtain a new left sample set S1* = {sFN1, ... ,sr%\”}T (m3 <m2)
Label the “fine” controllable samples from S1*, according to Definition 2

Apply the KNN-PU learning algorithm to classify all the “fine” controllable

samples from S1*, and denote the “fine” controllable and the left sample
2 2T L2 T :

setsas C2={s7,---,s2,} and §2={sf2,--- sE2}" respectively (m4+

mS5 =m3)

for each “fine” controllable sample sl-2 do

for each left sample stz do
Calculate the PCS value Simpc (s7, s7°)
if Simpc (s7, s§2) > fsiv then
reject stZ from S2
Obtain a new left sample set S2* = {leNz, cee, Sr%vz}T (m6 <m5)
Label the “good” controllable samples from $2*, according to Definition 3

Apply the kNN-PU learning algorithm to classify all the “good” controllable
samples from §2*, and denote the “good” controllable and the left sample
sets as C3 = {sf, o ,s,3n7}T and S3 = {le3, . ,sé%}T (m7 + m8 = m6),
respectively
for each “good” controllable sample Sl.3 do
for each left sample s ]43 do
Calculate the PCS value Simpc(si?’ , SJL3)
if Simpc(S?, Sjlf?’) > Ospv then
reject st3 from $3

Obtain a new third left industrial set, and take this set as the “marginal”

controllable sample set C4 = {sf, e sfn9}T (m9 <m8)
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FIGURE 5.4 The procedure of controllable domain classification based on kNN-PU learning (A to
I are the rejected irrational-operated samples, S1 and S2 are the first and second left sample sets,
respectively, and C1, C2, C3, and C4 are the excellent, fine, good, and marginal controllable sample
sets, respectively).

3) Controllable domain classification: By using Algorithm 1, the operation
data samples are tagged and divided into different categories. However, this clas-
sification approach is not appropriate for online identification of new samples.
The samples in the controllable domains differ from the samples on which these
classifiers are trained. Therefore, a new controllable domain classifier should be
trained using multiclass SVM with the controllable samples.

5.2.3 Rule extraction using a fuzzified SVM classifier

Generally, the control rules are different under different controllable domains.
Therefore, rule extraction should be conducted for each domain. The fuzzy
rule extraction includes four major steps: (1) variable increment calculation;
(2) fuzzy set predefinition; (3) sample labeling; and (4) fuzzy rule extraction
based on classification.
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(1) Variable increment calculation: In practice, the zinc powder dosage is
determined according to the flow rate and copper ion concentration of the in-
let solution. However, only using the discrete-delayed measurement of the inlet
copper ion concentration cannot realize the real-time adjustment of zinc powder
dosage. The increments of online measurable process variables should then be
utilized to adjust the zinc powder dosage, which are calculated for rule extrac-
tion. The increments are denoted as Ax; = x; — x;d !, where x; i=1,---,4
represents online measurable process variables. In the step, the historical val-
ues of these variables are replaced by their increments. As a result, the ith

data sample in the jth controllable domain (j =1,---,4), s/ = {x/,,---,
xildF, .- ,xij’4, . xi{4dr,xi{5,xi{5d_l,xi{G,xi{6d_l }. is transformed to a sam-
ple with the present value of input variables in Table 5.3 and increments of the
online measurable variables, i.e., 5§ = {x1j 6y Axpj,ee Axg ) IF
s;' is in the excellent controllable domain, then c = E, j=1,--- ,mg. If s;f
is in the fine controllable domain, then c = F, j=1,--- ,mp. If sj is in the
good controllable domain, thenc =G, j=1,--- ,mg. If s5 is in the marginal
controllable domain, thenc =M, j=1,---,my.

(2) Fuzzy set predefinition: Generally, fuzzy sets have to be predefined
in fuzzy rule extraction. In the proposed method, the Gaussian functions are
adopted to fuzzify the input variables, e.g., ;(x) = exp (—%), where o is the
distance from the origin and § is the width of the function curve.

Four fuzzy sets are defined for the input variables, which include very small
(VS), little small (LS), little large (LL), and very large (VL). Five fuzzy sets are
defined for the increments of online measurable variables, which include ob-
vious decrease (OD), slight decrease (SD), roughly stable (RS), slight increase
(SI), and obvious increase (OI). For the jth sample, the membership degrees
ofx; i=1,---,6) for VS, LS, LL, and VL and Ax; (i =1,---,4) for OD,
SD, RS, SI, and OI are denoted as wvs,; (j), uLs,i(j), mLL.i(j), pvrL,i(j), and

pob,i(j), usp,i(j), Urs,i(j), usti(j), and por,i(j). The parameters of these
membership functions can be obtained based on the fuzzy Shannon entropy:

N;
max — " {urs,i (/) 10g pwrs.i () + (1 = pes,i () log(l — urs i ()}
=1
s.t. urs,i(j)€[0,1] Vx; j,
ors,i € [of ;. 01[:]5,1']’

OFS,i € [UpLs,i, 61%’5],

(5.18)
where FS denotes the type of fuzzy set that could be VS, LS, LL, VL, OD, SD,
RS, SI, and OI, ors ; and égs,; are parameters of membership function ugs i (j),
Olés, ; and ogs’ ; are the lower and upper bounds of the parameter oFs,;, and Oés, ;

and Ogs, ; are the lower and upper bounds of parameter dfs,;. In practice, Oés,i
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and Ogs ; are set in accordance with the distribution of the training data samples:

oy € Imin {x;}, Qo1 ()],
ofs € [Qu1(xi), Qu2(xi)].
o1 €[Qa2(xi), Qa3 ()],

oy € [Qu3(xi), max {x;}],

(5.19)

where 0{,5, ois, oiL, and o{,L are the centers of the VS, LS, LL, and VL mem-
bership functions, Q,; (i = 1, 2, 3) is the quartile of the distribution of x;, and
Qu1, Qa2, and Qg3 are the first, second, and third quartiles, respectively. The
parameter constraints of the membership function for Ax; are determined as

obp € [min(x;) — Q3/4(x;)/ATp, Q1/4(x;) — Q3/a(x;)/ATp],

0kp € [Q1/a(xi) — Q12(x;)/ATp, Q1/a(xi) — Q34(x;)/ATp],

Oks € [=Q1/a(x1)/ ATp, Q1/a(xi)/ATp, (5.20)
0l €[Q12(x;) — Q1a(x;)/ATp, Q3/a(xi) — Q1/a(xi)/ATp],

001 € [Q3/4(xi) — Q1/a(x;)/ATp, min(x;) — Q14(x;)/ ATp).

The range of fs_; is determined by the limits of ofs_j:
i € (0.0l — o ), 030l — o )] (5.21)

(3) Sample labeling: In this step, the data samples s; are labeled in accor-
dance with the memberships of the zinc dosage increments in the next control
step (Ax3p! and Axsp!, where p' is the forward shift operator, Ax;p! =
Ax;(t + 1) — Ax;(2)). Firstly, the fuzzy sets that Ax3 p1 and Axy p1 belong
to are determined by obtaining their maximum membership degree:

OD, f(u)=uop,i(Jj),
SD,  f(n) =, (j),
Cax,; = RS,  f(u)=prs.i(j), (5.22)
SL f(u) = psri(j)s
OL  f(w)=poni(j),

where f () = max {1op,i(j). wsp,i (), wrs,i (), wsti(j), pori(j)}. Then,
the data samples are labeled by evaluating the overall variation of zinc pow-
der dosage. The larger the decrease of zinc powder dosage quantity per unit
time, the more negative the sample label is, and vice versa. After screening of
the unreasonable and duplicate combinations, the sample labels are reduced to
11 types, as shown in Fig. 5.5.
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FIGURE 5.5 Classes determined by the combination of adjustment amounts of zinc powder added
in the first and second reactors (“-” indicates an unreasonable combination).

(4) Fuzzy rule extraction: By using the rules illustrated in Fig. 5.5, the

data samples of the four controllable domains can be labeled with zinc pow-
der dosage. Then the multiclass SVM can be used in each controllable domain

to

obtain the support vectors for fuzzy rule extraction. The fuzzy rule extraction

includes the following steps.

a)
b)
Y]
d)

e)

Label the sample 5§ = {x1j. - x6,j. Ax1j, -+, Axgj} with y =i, i =
—5,.--,5.

Train the multiclass SVM, f§v > for each controllable domain S¢ =
S(f’ v ’S;"l(-'

Select the support vectors SVf i=1,--- ,mgv) from the controllable do-
mains and project sy, ; in the coordinate axes to obtain sy, ;.

Divide {x1,j, -+ ,x6,j} and {Axy j, -, Axs,;} into fuzzy and five fuzzy

sets, respectively, by using the defined membership functions.

Choose the fuzzy set C; jmax providing maximum membership degree,

max j Mic’,jsv ], for each attribute of sgy; ;.
Generate fuzzy rules by support vectors as follows:

i) Denote Cifjmax e {VS,LS,LL, VL} and CZi,jmax € {OD, SD, RS, SI,
OI} as the fuzzy sets with the highest membership degree for x; (i =
L.+ 6)and Ax;(i =1,---,4) of sgy ;.

ii) Let Cyy,;j be the class of the corresponding support vector SV{ classified
by multiclass SVM classes.

iii) Represent the rule R generated by SV{ (or the projected sample sy, ;) as

follows:
c e . e . e .
If xp is Cxl’jmax,...,x(, is Cx(,,jmax and Axp is Cxl’jmax,...,Am is
c C .
CAM’jmux, then SSv.i belongs to Cgy, ;.

iv) When the label of sv;'. is changed to the corresponding fuzzy classes of
Ax3p! and Ax3p!, the formulation rule is translated into:

. e . e . e .

If xq is CXI’jmax, ..., Xg 1S Cx6,jmax and Axp is Cx“jmax, ey Axyq 18
c 1 1;

Cixy, jmax> then Axzpis Cp,p1 ;and Axgpis Cpp,pt -
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5.3 Results

A total of 23,106 samples collected from a plant were used to verify the ef-
fectiveness and performance of the proposed approach. These samples were
classified into four controllable domains. The numbers of samples and value
ranges of each controllable domain are listed in Table 5.4. The distributions of
variables in the sample are obtained, as shown in Figs. 5.6 and 5.7.

TABLE 5.4 Numbers and bounds of controllable domains for
the copper removal process.

Frequentcy
o o
S o

o
)

Frequentcy
- N w >

. ©
o

Domains Excellent Fine Good Marginal
ND* 5012 6452 6843 4012

X1 [100, 310] [100, 310] [100, 310] [100, 310]
X2 [39, 861 [39,95] [19, 110] [19, 130]
dxy [—1.25,2] [—3.4,2] [—5,4.8] [—11.2,2]
X3 [31,162] [31, 181] [31, 181] [13,29]

X4 [13, 28] [13,27] [13,28] [3.9,4.2]
X5 [0.55,0.94] [0.55,0.94] [0.55,0.94] [0.55, 0.94]
X6 [0.1,0.4] [0.1,0.6] [0.1,0.6] [0.1,0.6]

* Np is the number of the samples in the controllable domains.
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FIGURE 5.6 Distributions of inlet flow rate, ORP, ORP increments, and enlarged part of ORP in
the range [—0.8, 0.8] for four controllable domains.

As can be observed from Table 5.4, the fluctuation ranges of the flow rate and
inlet copper ion concentration are the same for all controllable domains. How-
ever, the ranges of the remaining variables increase with change of controllable
domains. More specifically, the increase direction is from excellent, fine, good,
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FIGURE 5.7 Distributions of zinc amounts added in the first reactor and the second reactor, the
distributions of the inlet and outlet copper concentrations for four controllable domains.

to marginal controllable domains. As can be observed from Figs. 5.6 and 5.7, the
variations of the distribution center of most variables across all the controllable
domains are small. However, the distributions of ORP in different controllable
domains are distinguishable from each other. The distribution centers of ORP
in excellent, fine, good, and marginal controllable domains are 60, 78, 78, and
89 mV, respectively. Therefore, if ORP is in an acceptable range, then it is easy
to obtain an expected control effect. Fig. 5.7 indicates that the distribution center
of the outlet copper ion concentration (0.15 g/L) is much less than the optimal
concentration (0.3 g/L) in the excellent controllable domain. This phenomenon
indicates that there is a preference for human operators to add excessive zinc
powder.

After domain classification, a set of fuzzy rules is extracted for each do-
main. To verify the effectiveness of the CD-FRE strategy, manual operation
(MO) and two common rule extraction methods, including a common fuzzy
rule extraction method based on SVM (CFRE) and a PU learning-based fuzzy
rule extraction method (PU-FRE), are selected for comparison purposes. The
purpose is to prove the usefulness of the improved CD-FRE strategy. For the
CFRE method, the rules are extracted for the whole sample set without classi-
fication and exclusion. For the PU-FRE method, the data samples are classified
into four domains without sample exclusion, and four sets of rules are extracted
for each controllable domain. The criteria for rule extraction include accuracy
and coverage:

1) Accuracy: The accuracy of rule R associated with the class Cy, Cs€{5, 4, 3,
2,1,0,1,2,3,4,5}, is defined as Afs = Y7 ur(Xi)/ Y1) wr(X;),
where mcs is the number of data samples belonging to Cy, m is the total
number of data samples, and g is the product of the membership degrees



Real-time adjustment of zinc powder dosage based on fuzzy logic Chapter | 5 101

TABLE 5.5 Results of fuzzy rule extraction for the copper removal process.

Rule extraction method =~ Numbers of rules  Accuracy (%)  Coverage (%)

Excellent PU-FRE 10 79 96
CD-FRE 10 79 96
Fine PU-FRE 12 73 90
CD-FRE 13 77 92
Good PU-FRE 14 71 84
CD-FRE 13 73 89
Marginal PU-FRE 9 70 74
CD-FRE 8 71 79
CFRE 14 73 78

of data sample to each fuzzy set that belongs to the antecedent of rule R;
ug is formulated as ug(X;) = H"‘"P“‘ Cx/ (xji) where n,minpus is the
number of input variables, x;; is the Jjth variable of X;, and uCy; " is the
membership degree of xj;; x;; belongs to Cy;;, which is the fuzzy class
that appears in rule R.

2) Coverage: Fuzzy coverage is a measurement for the ability of rule R to affect
the patterns, which is defined as COCS = | MR(X})/m.
Table 5.5 lists the rule prediction results of dlfzferent rule extraction methods.
It can be observed that the fuzzy rules extracted perform well in excellent
and fine controllable domains. However, in the other two controllable do-
mains, the prediction accuracy and coverage decrease. This is due to the
increased complexity and diversity of reaction conditions in the last two
controllable domains. Therefore, the accuracy of the rules is influenced. The
performance of fuzzy rules extracted using PU-FRE and CD-FRE is similar
in the excellent controllable domain. However, the accuracy and coverage
of the rules extracted using PU-FRE decrease in other controllable domains.
Therefore, for marginal controllable domain, the performance of rules ex-
tracted by CFRE is similar to that of the rules extracted by CD-FRE.

The adjustment actions are shown in Figs. 5.8 and 5.9. Fig. 5.8 presents the
values of the flow rate, ORP, and inlet copper ion concentration. These data
are sampled from four representative inlet conditions. In the first 10 hours, the
flow rate changed several times, while the inlet copper ion concentration was
kept stable. During 10-20 hours, the flow rate was kept stable, while the in-
let copper ion concentration was fluctuating. During 30—40 hours, both flow
rate and inlet copper ion concentration were kept stable. After 30 hours, both
flow rate and inlet copper ion concentration changed frequently. Fig. 5.8 also
presents the adjustment of the zinc powder dosage. It can be observed that the
adjustment frequency of MO is lower than that of the other approaches. The ad-
justment amplitude changes largely in some cases. The adjustment actions given
by CFRE and PU-FRE are frequent. However, by using the two approaches, the
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FIGURE 5.8 The inlet flow rate and ORP, the inlet copper ion concentration, and the adjustments
of the zinc powder dosage for the first and second reactors.
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FIGURE 5.9 The zinc powder dosage in the first and second reactors and the value curves and
distributions of the outlet copper ion concentration under four different control approaches.

adjustments for the first and second reactors are unreasonable and conflicting in
some cases. For example, at the 24th hour, the zinc powder dosage of reactor #1
is increased, however, it is decreased for reactor #2. These conflicting opera-
tions, which are common in the original operation data set, cannot be rejected by
CFRE and PU-FRE. The data produced by the unreasonable operations reduce
the expected control efficiency of the extracted rules. Therefore, the operations
derived using the proposed approach are timely and proper.

Fig. 5.9 presents the zinc powder dosage. The zinc powder dosage of reac-
tor #1 adjusted by CFRE, PU-FRE, and CD-FRE changed more smoothly than
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TABLE 5.6 Evaluation indices for the control results.

Methods Oscillation range 0 Mean value Median
(g/L) (g/L) (g/L) (/L)
MO [0.25,0.41] 95% 0.35 0.36
CFRE [0.26, 0.41] 91% 0.33 0.33
PU-FRE [0.28, 0.405] 95% 0.36 0.38
CD-FRE [0.23, 0.37] 100% 0.31 0.32

Q; is qualification rate.

when adjusted by MO. However, the adjustment actions of CD-FRE for reactor
#2 are more moderate and reasonable compared with CFRE, PU-FRE, and MO,
which is more beneficial for the stability of the process.

The value and distribution of the outlet copper ion concentration under the
three approaches are also shown in Fig. 5.9. Under the three approaches, the
variation trajectories of the outlet copper ion concentration are similar in trend.
However, the outlet copper ion concentration trajectory driven by CD-FRE is
closer to the center of the required range (0.3 g/L), which indicates the sta-
bility of process. The distribution of the outlet copper ion concentration using
CD-FRE is also the narrowest. On the other hand, as shown in Table 5.6, four
indices are introduced to quantify the control performance, including oscillation
range, qualification rate, mean value, and median. For the MO approach, the me-
dian and mean values of the outlet copper ion concentration are higher than the
optimal value 0.3 g/L in most cases. In addition, the outlet copper ion concen-
tration is not always qualified. For the CFRE approach, the qualification ratio of
the outlet copper ion concentration is slightly decreased. However, the median
and mean values of the outlet copper ion concentration are closer to 0.3 g/L.. For
the PU-FRE approach, the fluctuation range of the outlet copper ion concentra-
tion is narrowed. However, the median and mean values of the outlet copper ion
concentration are away from 0.3 g/L. For the CD-FRE approach, it is superior
to MO, CFRE, and PU-FRE on all the four indices. It could not only remove
the impurity effectively, but also reserve an appropriate amount of copper ions
as activator for the cobalt removal stage.

References

[11 B. Zhang, C. Yang, H. Zhu, Y. Li, W. Gui, Kinetic modeling and parameter estimation for
competing reactions in copper removal process from zinc sulfate solution, Industrial & Engi-
neering Chemistry Research 52 (48) (2013) 17074-17086.

[2] K. Laatikainen, M. Lahtinen, M. Laatikainen, E. Paatero, Copper removal by chelating adsorp-
tion in solution purification of hydrometallurgical zinc production, Hydrometallurgy 104 (1)
(2010) 14-19.

[3] M. Ruano,J. Ribes, A. Seco, J. Ferrer, Low cost-sensors as a real alternative to on-line nitrogen
analysers in continuous systems, Water Science and Technology 60 (12) (2009) 3261-3268.



104 Modeling and Optimal Control of Purification Process

[4]

[5]

(6]

(71
(8]
(9]
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]
[22]
(23]

[24]

R. Yu, F. Chi, W. Cheng, J. Chang, Application of pH, ORP, and DO monitoring to evaluate
chromium(VI) removal from wastewater by the nanoscale zero-valent iron (nZVI) process,
Chemical Engineering Journal 255 (2014) 568-576.

C. Antileo, H. Medina, C. Bornhardt, C. Muiioz, F. Jaramillo, J. Proal, Actuators monitoring
system for real-time control of nitrification—denitrification via nitrite on long term operation,
Chemical Engineering Journal 223 (2013) 467-478.

S. Lackner, H. Horn, Evaluating operation strategies and process stability of a single stage
nitritation—anammox SBR by use of the oxidation-reduction potential (ORP), Bioresource
Technology 107 (2012) 70-77.

C. Chang, Y. Ma, C. Lo, Application of oxidation—reduction potential as a controlling parame-
ter in waste activated sludge hydrolysis, Chemical Engineering Journal 90 (3) (2002) 273-281.
N. Kishimoto, Y. Nakamura, M. Kato, H. Otsu, Effect of oxidation-reduction potential on an
electrochemical Fenton-type process, Chemical Engineering Journal 260 (2015) 590-595.

B. Sun, W. Gui, T. Wu, Y. Wang, C. Yang, An integrated prediction model of cobalt ion con-
centration based on oxidation-reduction potential, Hydrometallurgy 140 (2013) 102-110.

B. Sun, W. Gui, T. Wu, Y. Wang, C. Yang, An integrated prediction model of cobalt ion con-
centration based on oxidation-reduction potential, Hydrometallurgy 140 (2013) 102-110.

P. Londhe, B. Patre, A.P. Tiwari, Design of single-input fuzzy logic controller for spatial con-
trol of advanced heavy water reactor, IEEE Transactions on Nuclear Science 61 (2) (2014)
901-911.

R.M. Kamel, A. Chaouachi, K. Nagasaka, Retracted: wind power smoothing using fuzzy logic
pitch controller and energy capacitor system for improvement micro-grid performance in is-
landing mode, 2010.

X.D. Sun, K.H. Koh, B.G. Yu, M. Matsui, Fuzzy-logic-based v/f control of an induction
motor for a DC grid power-leveling system using flywheel energy storage equipment, IEEE
Transactions on Industrial Electronics 56 (8) (2009) 3161-3168.

S. Won, C. Ra, Biological nitrogen removal with a real-time control strategy using moving
slope changes of pH (mV)-and ORP-time profiles, Water Research 45 (1) (2011) 171-178.
J.J. Carbajal-Herndndez, L.P. Sanchez-Ferndndez, J.A. Carrasco-Ochoa, J.F. Martinez-
Trinidad, Immediate water quality assessment in shrimp culture using fuzzy inference systems,
Expert Systems with Applications 39 (12) (2012) 10571-10582.

B. Zhang, C. Yang, H. Zhu, Y. Li, W. Gui, Evaluation strategy for the control of the copper
removal process based on oxidation-reduction potential, Chemical Engineering Journal 284
(2016) 294-304.

Y. Han, P. Shi, S. Chen, Bipolar-valued rough fuzzy set and its applications to the decision
information system, IEEE Transactions on Fuzzy Systems 23 (6) (2015) 2358-2370.

D.P. Pancho, J.M. Alonso, O. Cordén, A. Quirin, L. Magdalena, FINGRAMS: visual rep-
resentations of fuzzy rule-based inference for expert analysis of comprehensibility, IEEE
Transactions on Fuzzy Systems 21 (6) (2013) 1133-1149.

R. Alcald, M.J. Gacto, F. Herrera, A fast and scalable multiobjective genetic fuzzy system
for linguistic fuzzy modeling in high-dimensional regression problems, IEEE Transactions on
Fuzzy Systems 19 (4) (2011) 666-681.

R. Alcald, Y. Nojima, F. Herrera, H. Ishibuchi, Multiobjective genetic fuzzy rule selection of
single granularity-based fuzzy classification rules and its interaction with the lateral tuning of
membership functions, Soft Computing 15 (12) (2011) 2303-2318.

C. Gao, Q. Ge, L. Jian, Rule extraction from fuzzy-based blast furnace SVM multiclassifier
for decision-making, IEEE Transactions on Fuzzy Systems 22 (3) (2013) 586-596.

B. Sun, W. Gui, Y. Wang, C. Yang, Intelligent optimal setting control of a cobalt removal
process, Journal of Process Control 24 (5) (2014) 586-599.

K. Nigam, A.K. McCallum, S. Thrun, T. Mitchell, Text classification from labeled and unla-
beled documents using EM, Machine Learning 39 (2-3) (2000) 103-134.

A. Daneshpazhouh, A. Sami, Semi-supervised outlier detection with only positive and un-
labeled data based on fuzzy clustering, International Journal on Artificial Intelligence Tools
24 (03) (2015) 1550003.



Real-time adjustment of zinc powder dosage based on fuzzy logic Chapter | 5 105

[25] M. Claesen, F. De Smet, J.A. Suykens, B. De Moor, A robust ensemble approach to learn from
positive and unlabeled data using SVM base models, Neurocomputing 160 (2015) 73-84.

[26] S. Jain, M. White, P. Radivojac, Estimating the class prior and posterior from noisy positives
and unlabeled data, Advances in Neural Information Processing Systems (2016) 2693-2701.

[27] M. Gonzélez, C. Bergmeir, 1. Triguero, Y. Rodriguez, J.M. Benitez, On the stopping criteria
for k-nearest neighbor in positive unlabeled time series classification problems, Information
Sciences 328 (2016) 42-59.



Chapter 6

Integrated modeling of the
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6.1 Process description and analysis

The cobalt removal process is the immediate subsequent step of the copper re-
moval process. Among the impurities in the zinc sulfate solution, cobalt ions are
the most detrimental one. Cobalt ions can significantly reduce the current effi-
ciency in the electrowinning process, even when the concentration of cobalt ions
is low. The overall performance of the purification process largely relies on the
cobalt removal result. Similarly to copper removal, the cobalt removal process
can be abstracted as a replacement reaction. However, there exists a high kinetic
barrier in cobalt removal. Therefore, cobalt removal is extremely difficult.
The cobalt removal process can be expressed as follows:

Co?t +7Zn — Zn*t + Co. 6.1

In reaction (6.1), the standard potential of cobaltis —0.277 V, while the standard
potential of zinc is —0.763 V. From the perspective of electrochemistry, cobalt
ions with a more positive standard potential can be easily replaced by zinc with a
more negative standard potential. However, in the practical cobalt removal pro-
cess, the overvoltage phenomenon takes place during the deposition of cobalt
ions from the solution, i.e., the deposition potential of cobalt ion is lower than
its standard potential. In addition, the deposition potential increases when the
temperature declines. The deposition potential of cobalt ion is around —0.4 V
when the solution temperature is 80°C. The concentration of cobalt ions in the
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neural leaching solution is relatively low, which indicates a low activity. There-
fore, the practical deposition potential of cobalt ion is around —0.6 V, which is
very close to the standard potential of zinc. The overvoltage phenomenon gives
rise to the limited thermodynamic impetus of the replacement reaction between
cobalt ions and zinc. However, hydrogen ions have a very low deposition over-
voltage on cobalt, and the practical deposition potential of hydrogen ions is more
positive than —0.6 V. As a result, the deposition potential of hydrogen ions on
cobalt is more positive than the discharge potential of cobalt ions. The hydrogen
ions will obtain electrons before the cobalt ions if the cobalt ions are deposited
on the surface of zinc powder. In this situation, the replacement reaction is be-
tween zinc and hydrogen ions instead of zinc and cobalt ions. Due to the above
reasons, the removal of cobalt ions is the most difficult one in the solution purifi-
cation process [1]. To enable the removal of cobalt ion, the deposition potential
of cobalt ions should be more positive than the deposition potential of hydro-
gen ions. If deep purification is needed, a relatively large difference between the
deposition potential of zinc and cobalt is required to generate sufficient ther-
modynamic impetus for the replacement process. Cobalt has a more positive
deposition potential on the surface of arsenic and antimony than hydrogen ions.
In addition, the overvoltage of hydrogen ions on arsenic and antimony is much
higher than that of cobalt. In practical production, salt of electropositive metals
such as arsenic trioxide and antimonite is added in the zinc sulfate solution to
catalyze cobalt removal by increasing the deposition potential of cobalt ions and
suppressing the discharge of hydrogen ions [2].

The arsenic trioxide-activated cobalt removal process (ACP) is a widely used
cobalt removal technology capable of deep purification. As shown in Fig. 6.1,
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FIGURE 6.1 Arsenic trioxide-activated cobalt removal process.
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ACP is mainly composed of several continuous stirred tank reactors (CSTRs)
connected in series and a thickener. Zinc dust is added to each reactor to replace
cobalt ions. Arsenic trioxide is added to the first reactor as catalyst. Spent acid is
provided to create an acidic reaction environment. To guarantee that there exists
sufficient reaction impetus, steam is used to increase the temperature of the inlet
solution. Under the high temperature and acid reaction conditions, the following
complex chemical and electrochemical reactions take place:

Cu’* +Zn — Zn** + Cu, (6.2)

As*t 4+ 3Cu®t +4.5Zn — CuzAs + 4.5Zn>", 6.3)
AT 4 Co?t 4 2.5Zn — CoAs + 2.5Zn>", (6.4)
As*t + Ni** +2.5Zn — NiAs + 2.5Zn°", (6.5)
2H' 4+ Zn — Zn** +H, 1, (6.6)

where Zn is from the added zinc powder, As3T is from arsenic trioxide, and
Cu?* is reserved copper ions after copper removal. Cobalt ions are gradually
precipitated through forming a metal compound or alloy, e.g., CoAs and CuszAs.
After retention in consecutive reactors, the solution flows into the thickener in
which liquid-solid separation takes place. As the reaction solution, the overflow
of the thickener is sent to the subsequent cadmium removal process. However,
crystal nuclei contained in the underflow benefit cobalt removal. Therefore, the
underflow is recycled to the first reactor to promote cobalt cementation. The
oxidation—reduction potential (ORP) is monitored online continuously.

In the operation of the cobalt removal process, the operator is mainly con-
cerned with two important indicators, including one technical indicator and one
economical indicator. The outlet cobalt ion concentration is the technical indi-
cator, reflecting the performance of purification. The zinc powder dosage is the
economical indicator, related to production cost. It is important to determine the
zinc powder dosage of each reactor in the operation of ACP.

An excessive amount of additive is a waste of costly material, while an insuf-
ficient amount fails to remove the impurity adequately. The aim of operational
optimization is to achieve the required purification performance using the mini-
mal amount of zinc powder, while simultaneously keeping the stability of ACP.
A human operator adjusts the manipulated variables by observing and analyzing
the variation tendency of key process indicators. These indicators include:

The flow rate of feeding zinc sulfate solution.
The flow rate of recycled underflow.

The flow rate of spent acid.

The flow rate of arsenic trioxide.

The dosage of zinc powder for each reactor.
The temperature of each reactor.

The ORP of each reactor.
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However, ACP is highly nonlinear due to the inherent complexity of the reac-
tion mechanism and frequent fluctuations of the inlet condition. The knowledge
about the dynamic behavior of ACP is limited. In addition, there exist strong
couplings among the process variables. Therefore, deciding the optimal combi-
nation of the manipulated variables is a challenging task for human operators.
In some cases, a large variation of the inlet condition even causes failure to meet
the technical requirement on outlet cobalt ion concentration.

6.2 Kinetics of cobalt removal reactions

In this section, we study the reaction mechanism of ACP from the perspective of
chemical reaction kinetics, electrode reaction kinetics, and electrochemistry [3].
To start with, the influencing factors of the cobalt removal process are analyzed
in Section 6.2.1. Then, the reaction type, the reaction steps, and the relation
between ORP and the reaction rate are determined in Sections 6.2.2 and 6.2.3.
In Section 6.2.4, a kinetic model of ACP is built based on a mechanistic study
and verified via an experimental study.

6.2.1 Influencing factor analysis

ACP is an extremely complicated three-phase (gas-solid-liquid) reaction process
with various influencing factors. The main factors affecting ACP are summa-
rized as follows.

6.2.1.1 Temperature

In order to provide sufficient reaction impetus for the cobalt removal process,
it needs to be performed in a high-temperature environment. Therefore, the re-
action temperature is a very important control parameter for ACP. When the
temperature is low, the cobalt removal performance is extremely poor due to
a lack of sufficient reaction impetus. However, when the temperature is too
high, the hydrogen ions in the solution are prone to be reduced, i.e., generat-
ing hydrogen. The high temperature also increases production costs and brings
extra difficulty for operation, e.g., sampling. In the practical production process,
the reaction temperature for ACP is generally controlled within the range of
75-85°C.

The influences of the temperature on ACP mainly include the following as-
pects.

Reaction rate

As the temperature increases, the cobalt removal process has a higher reaction
speed. So increasing the temperature can increase the concentration diffusion
rate of cobalt ions from the solution to the surface of the zinc powder particle.
On the other hand, the overvoltage of hydrogen deposition will dramatically de-
crease when the temperature increases; however, the drop is much smaller than
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that of the cobalt deposition overvoltage. Therefore, increasing the temperature
can enlarge the deposition potential difference between cobalt and zinc, which
increases the reaction impetus. The promoting effects of increasing the temper-
ature on cobalt removal can also be verified by the Arrhenius equation. From
Eq. (6.7), it can be observed that the higher the temperature 7', the larger the
reaction rate k, which is more favorable for cobalt removal. We have

E,
k = A e —
0exp( R

T ), (6.7)

where Ag is a preexponential factor or frequency factor, E, is the activation
energy, R is the ideal gas constant, and 7 is the reaction temperature.

Reaction product morphology

Under different temperature conditions, the cobalt removal rates are different,
resulting in different cobalt content in the reaction product. When the temper-
ature is low, the reaction rate of cobalt removal is low. The cobalt content in
the reaction product is low. So cobalt has a small influence on the morphology
of the reaction product, which is a hexagonal lattice. When the temperature is
high, the reaction rate of cobalt removal is high. The cobalt content in the re-
action product is high. The mismatch between the lattices of zinc and cobalt is
more obvious. Cobalt has a large influence on the morphology of the reaction
product. The reaction product is a nodular cobalt-zinc alloy.

Distribution of cathode current

Under different temperature conditions, the distributions of cathode current are
different. Van der Pas and Dreisinger found through experimental study that:
(1) at 85°C, 50% of the cathode current is used to reduce cobalt; and (ii) at 90°C,
the reduction of hydrogen ions becomes the most important reaction, and only
2% of the cathode current is used for the reduction of cobalt. The most possible
cause of this change in the current distribution lies in the change of reaction
product composition. At 85°C, the main content of the cobalt-zinc alloy is zinc.
So the hydrogen reduction on the cathode is mainly controlled by zinc. Due
to the high overvoltage of hydrogen on zinc, the reduction of hydrogen ions is
inhibited. At 90°C, the main content of the cobalt-zinc alloy is cobalt. So the
hydrogen reduction on the cathode is mainly controlled by cobalt. As cobalt can
catalyze the reduction of hydrogen ions, a large number of hydrogen ions are
reduced to hydrogen, causing the waste of zinc powder.

6.2.1.2 Dosage of arsenic trioxide

Arsenic trioxide is a catalyst of the cobalt removal process. If the dosage of
arsenic trioxide is insufficient, high cobalt removal performance cannot be guar-
anteed. Therefore, a sufficient amount of arsenic trioxide must be provided to
achieve the objective of cobalt removal. The influence of arsenic trioxide on the
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cobalt removal performance can also be observed from the following chemical
reactions [5]:

AspO3 + 2NaOH — 2NaAsO; + H»O, (6.8)
AsO; +H" — HAsO, (6.9)
Cu*t +Zn— Zn>" + Cu, (6.10)

HAsO, + 3Cu®t + 3H' 4+ 4.5Zn — CuzAs + 4.5Zn*t +2H,0,  (6.11)
HAsO; + Co*t 4+ 3H' 4 2.5Zn — CoAs + 2.5Zn*t + 2H,0, (6.12)
HAsO; + Ni?T + 3H' 4 2.5Zn — NiAs + 2.5Zn>" + 2H,0. (6.13)

The first two reactions describe the preparation process of arsenic trioxide. As
arsenic trioxide can hardly dissolve in zinc sulfate solution, it is first treated us-
ing sodium hydroxide solution to be converted to sodium metaarsenite. Sodium
metaarsenite solution has a strong basicity. It will hydrolyze and produce sub-
sulfate, which can attach to the surface of zinc powder particles and therefore
hinder cobalt removal. So it is then acidized to metaarsenous acid by adding
spent acid. The last four reactions are the main reactions of the cobalt removal
process, according to which the chemometric relation between arsenic triox-
ide and impurities (Cu?t, Co?*, Ni?*) can be derived. This indicates that the
dosage of arsenic trioxide must be sufficient. Otherwise, the removal of cobalt
ions is insufficient. However, if the dosage of arsenic trioxide is excessive, the
toxic arsine may be generated. We have

HAsO; + 3Zn + 6H" — AsHj 1 +3Zn*t + 2H,0. (6.14)

6.2.1.3 Dosage of zinc powder

As a participant in cobalt removal, the dosage of zinc powder directly affects the
performance of cobalt removal. If the dosage of zinc powder to replace cobalt is
insufficient, then the cobalt ion concentration is not properly reduced. If exces-
sive zinc powder is added, excess zinc powder will react with hydrogen ions in
the solution, generating hydrogen and causing an increase in the pH. If arsenic
trioxide is also excessive, then elemental arsenic will be generated. If zinc pow-
der is overly excessive, it is prone to produce toxic arsine, as introduced above.
We have the following reactions:

Zn+2H' > Zn?t + H, 1, (6.15)
HAsSO; + 1.5Zn + 3H' — As + 1.5Zn%" + 2H,0. (6.16)

6.2.1.4 Flow rate of spent acid

The flow rate of spent acid affects the pH value of the solution inside the reactor.
Experimental results indicate that [4.0, 4.4] is the optimal range of pH. If spent
acid is insufficient, then the pH value is too high, and the basic zinc sulfate
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or zinc hydroxide will be produced and deposited on the surface of zinc powder
particles. This could hinder cobalt removal. If spent acid is excessive and the pH
value is too low, then the deposition potential of hydrogen ions will increase.
Zinc powder will directly react with hydrogen ions, which is a waste of zinc
powder and also not beneficial for cobalt removal. However, compared with a
higher pH, a lower pH is more harmful to the cobalt removal process, because
the reduction of hydrogen ions not only consumes zinc powder, but also blocks
the substrate where the cobalt removal reaction takes place. Therefore, the flow
rate of spent acid is a compromise which minimizes the adverse effects of both
situations.

6.2.1.5 Concentration of zinc ions and copper ions

If the concentration of zinc ions in the feeding solution is too high, then the
concentration of zinc ions surrounding zinc powder particles is too high. The
difficulty of zinc ions entering the solution is increased. As a result, zinc can
hardly lose electrons and be converted to zinc ions. In addition, it is difficult
for cobalt ions to obtain electrons and deposit on the surface of zinc powder
particles. Cobalt ions can be quickly removed to a low concentration if zinc ions
are not present in the solution.

An appropriate amount of copper ions in the feeding solution is beneficial for
cobalt removal. Compared with cobalt removal activated by antimonic salt, in
ACP, copper ions have a larger promoting effect on cobalt removal. Therefore,
in practice, the copper ions are not completely removed in the copper removal
process. Part of the copper ions are reserved for the cobalt removal process.
However, excessive copper ions will increase zinc powder consumption. The
promoting effect of copper ions on cobalt removal can be explained from two
aspects:

(i) Copper ions react with metaarsenous acid, producing copper arsenide. Cop-
per arsenide will form a microcell with zinc powder, which acts as a cathode
to promote the precipitation of cobalt ions.

(ii) Although the formation of zinc-cobalt alloy will reduce the potential differ-
ence between cobalt and zinc, thereby reducing the thermodynamic impetus
of the replacement reaction, if the formation of the alloy is not between the
replacement metal and the replaced metal, but two or more replaced met-
als, then the situation is totally different. In this case, the metal with the
most positive deposition potential (such as copper) can move the deposition
potential of some electronegative impurities towards a positive direction.
As a result, the potential difference of the original zinc-cobalt microcell is
increased, i.e., the thermodynamic impetus of the replacement reaction is
increased.

6.2.1.6  Other influencing factors

In addition to the above factors, there exist other factors influencing the cobalt
removal process, e.g., the concentration of impurity ions such as cadmium ions
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in the feeding solution, the flow rate of the feeding solution, and the size of
zinc powder particles. Cadmium ions have little effect on the rate of cobalt re-
moval; however, the synergistic effects of cadmium ions and arsenic/copper can
improve cobalt removal performance. The improvement happens only when
the cadmium ion concentration is low. Increasing the cadmium ion concen-
tration cannot further improve cobalt removal [6]. Chloride ions can catalyze
cobalt removal, and the catalytic effect increases with increasing chloride ion
concentrations. However, due to the limitation on the maximum chloride ion
concentration imposed by the electrowinning process, the chloride ion concen-
tration cannot be increased without limitation. The flow rate of feeding solution
determines the average residence time of the solution in the reactor. If other reac-
tion conditions are kept constant, a larger flow rate indicates a shorter residence
time. So the reaction rate must be increased to avoid the sudden increase of
outlet cobalt ion concentration. If the flow rate of feeding solution is low, the res-
idence time is long. In this case, the reaction rate can be appropriately decreased
to reduce zinc powder consumption. The rate of cobalt removal increases as the
size of the zinc powder particles decreases. However, if the particle size is too
small, redissolution of cobalt ions may take place. The flow rate and solid con-
tent of the underflow affect the amount of reaction substrate in the reactors. In
practice, the fluctuations of these two variables are small in most cases.

As the feeding solution of ACP contains not only cobalt ions, but also other
ions, e.g., copper ions, besides the main reactions, there exist other side reac-
tions taking place simultaneously. These reactions interact with each other. In
addition, the numerous influencing factors affect ACP from different perspec-
tives, leading to the complex dynamics of ACP.

6.2.2 Analysis of reaction type and steps

In ACP, the replacement between cobalt ions and zinc powder is enabled by
arsenic trioxide. Therefore, the function of arsenic trioxide, reaction steps, and
reaction type have been the main research focus.

There exist two theories on the mechanism by which arsenic trioxide pro-
motes cobalt removal, i.e., the “alloy theory” and the “substrate theory.” The
“alloy theory” claims that cobalt ions are removed by forming inert alloy with
the catalyst via reaction (6.4). Fountoulakis found that the function of copper
ions and metal salt is to form a stable alloy with cobalt, which reduces the activ-
ity of cobalt [7]. Polcaro et al. concluded that the formation of metal compounds
gives rise to a larger potential difference between cobalt and zinc, resulting in
larger reaction impetus [8]. The “substrate theory” explains that the reaction
products of reactions (6.3) and (6.4) serve as a substrate for the cementation of
cobalt. On the surface of the substrate, cobalt ions have a relatively low over-
voltage, while the hydrogen ions have a relatively high overvoltage. Therefore,
cobalt ions can obtain electrons and deposit on the substrate. Van der Pas and
Dreisinger studied the activation of cobalt removal by antimonate [1]. It was
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found that in the early stage of the reaction, the replacement reactions between
copper, antimony, and zinc first take place. During this stage, cobalt still exists
as ions in the solution. Copper and antimony take up electrons and deposit on
the surface of zinc powder. Then, the deposited copper and antimony act as the
substrate for cobalt ions [1]. Fugleberg et al. studied the ACP. It was observed
that arsenic ions were deposited before the cementation of cobalt ions [5], which
is similar to Van der Pas and Dreisinger’s results.
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FIGURE 6.2 ORP variation of reactor 1.

The “alloy theory” and “substrate theory” explain the reaction steps and the
function of arsenic trioxide from different perspectives. In order to verify the
reaction type and steps of ACP, we studied the production data collected dur-
ing the interval between shut-down and start-up. As shown in Fig. 6.2, in the
beginning stage of the reaction, ORP changes very slowly, and the shape of the
ORP trajectory is similar to a titration curve. After a certain period, ORP de-
clines dramatically and then stabilizes around a certain value. As the reaction
in ACP is essentially an oxidation—reduction reaction, the different variation
trends indicate two reaction stages with different characteristics. In addition, it
was noticed that copper ions were totally removed in the beginning stage of the
reaction, which is in agreement with Van der Pas and Dreisinger’s results.

Based on the analysis, the reaction steps of ACP can be concluded as follows.

(i) Inthe beginning stage of the reaction, copper ions, arsenic trioxide, and zinc
powder react and produce a copper-arsenic alloy on the surface of the zinc
powder particles. The alloy then acts as a substrate for cobalt cementation.
We have the following reaction:

HAsO; + 3Cu** + 3H' +4.5Zn — CuzAs + 4.5Zn*t + 2H,0. (6.17)

(ii) Then, the substrate forms a microcell with zinc powder. Cobalt ions take up
electrons from zinc powder and are cemented on the substrate surface. With
the proceeding of the reaction, cobalt, arsenic, and copper form a stable
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alloy, which reduces the activity of cobalt. Therefore, the cobalt ion con-
centration declines in the zinc sulfate solution. This stage can be expressed
as the following reaction:

Cu3As + Co*t + Zn — 3Cu + CoAs + Zn**. (6.18)

In ACP, the function of arsenic trioxide is twofold. On the one hand, it reacts
with copper ions and zinc powder to produce a copper-arsenic alloy beneficial
for cobalt cementation. On the other hand, as cobalt can be easily deposited
on the surface of arsenic, the copper-arsenic alloy forms a microcell with zinc
powder. Cobalt ions take up electrons and are deposited on the surface of ar-
senic. The deposited cobalt forms an alloy with arsenic. The existence of copper
enlarges the potential difference between cobalt and zinc, which increases the
thermodynamic impetus of the reaction. Based on the above analysis, it is con-
cluded that the cobalt cementation takes place on the surface of a substrate
composed of CoAs and another metal alloy, and the ACP consists of two steps.

To investigate the reaction type of ACP, Polcaro et al. studied the cobalt
removal process with copper ions and antimonate as catalyst [8]. In the investi-
gation, the deposition of copper and antimony was first studied in the solution
without cobalt ions, and the result indicates that the deposition of copper and
antimony is a first-order reaction controlled by the diffusion process. Then, as
a comparison, the deposition of cobalt was studied. The reaction rate of cobalt
removal significantly accelerated when the stirring rate increased from 220 rpm
to 300 rpm. The result indicates that similarly to copper and antimony removal,
the reaction rate of cobalt removal is largely influenced by the diffusion pro-
cess. In Did’s experiment, when the stirring rate increased from 500 rpm to
4000 rpm, there was no obvious change in the reaction rate of cobalt removal,
which demonstrates that the reaction rate of cobalt removal is controlled by the
chemical reaction [4]. Fugleberg et al. estimated the activation energy of ACP
using the Arrhenius equation. An activation energy of 70 KJ/mol means that
ACP is controlled by a chemical reaction rather than a diffusion process [5].
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FIGURE 6.3 Microscopic reaction step in the cobalt removal process.

As shown in Fig. 6.3, from a microscopic point of view, the reaction in ACP
can be divided into the following steps:
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Step 1: Diffusion of cobalt ions from the solution to the substrate surface.

Step 2: Cobalt ions take up electrons and are deposited on the surface of the
substrate or the cathode of the microcell.

Step 3: Zinc loses the electron and is oxidized to zinc ions.

Step 4: Diffusion of zinc ions to the solution.

The reaction step with the lowest rate is the controlling step of the reaction. For
Step 3, if the anode of the microcell is active and the activity of zinc ions in
the solution is not high, then it will not become the controlling step. For Step 1
and Step 4, their progressing rates are relatively low and become the control-
ling step for many replacement reactions, e.g., copper removal and antimony
removal. However, for the reaction with difficulties in the discharge of ions,
Step 2 becomes the controlling step, e.g., ACP.

In fact, a chemical reaction belongs to a different reaction type under differ-
ent reaction conditions. For the reaction in ACP, when the stirring rate is low, an
increase in the stirring rate can promote cobalt removal. However, when the stir-
ring rate is higher than 500 rpm, an increase in the stirring rate has little effect on
the reaction rate of cobalt removal. Therefore, both diffusion processes and the
chemical reaction can affect the rate of cobalt removal. However, the influence
of the diffusion process is limited. Essentially, cobalt removal is controlled by
the chemical reaction.

6.2.3 Relation between ORP and reaction rate

In ACP, the coexistence of various oxidation—reduction reactions leads to a com-
plex electrode reaction system.
At the anode, we have

Zn — Zn*t +2¢", E’=—-0.763 V, (6.19)

and at the cathode, we have

Cu’t +2e~ — Cu, E?=0.337V, (6.20)
Co*t 4+ 2¢~ — Co, E*=-0.277V, (6.21)
Ni%t +2e~ — Ni, E’=-0.250 V, (6.22)

2H' 4+ 2¢~ — H, 1, E’=0V. (6.23)

According to the independence theory of parallel electrode reactions, each
electrode reaction is independent of the remaining electrode reactions. The only
common point of the electrode reactions is the electrode potential, or mixed
potential, which is also known as ORP. The reaction rate of electrode reaction
relies on the rate of ion discharging, which is determined by the ORP [9][10].
The ORP is not the equilibrium potential. The value of ORP lies between the
equilibrium potentials of the anode and cathode reactions. It is a synthetical
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FIGURE 6.4 The effect of electrode potential change on anode and cathode activation energy.

result of the electrode reactions. As ORP is not equal to their equilibrium poten-
tials, both anode and cathode reactions proceed continuously.

The ORP can affect the rate of the electrode reaction by changing its acti-
vation energy. Activation energy is the energy a molecule requires when trans-
ferring from the normal state to the active state ready for chemical reaction.
Consider the following reduction reaction:

O+ne” — R, (6.24)

where n is the number of electrons O obtains in the reduction reaction. From the
perspective of electrode reaction kinetics, a positive charge of nF is transferred
from the solution to the electrode with the reaction of 1 mol O. As shown in
Fig. 6.4, if the electrode potential deceases by Ag, then the total potential energy
will decrease by nFAg. The activation energy of the anode and cathode will
increase or decrease by certain fractions of n F Ag, i.e.,

E|=E|+ynFAgp, (6.25)
Eé =E; —anFAp, (6.26)

where y and « represent the influence of the electrode potential on the activation
energy, or the transfer coefficient of the anode and cathode reactions, and satisfy

yta=1. (6.27)

If we use E, and e¢q to denote the activation energy and equilibrium potential
of the cathode reaction, then the reaction rate can be expressed as
E, +2aF(eorp — €eq)
RT,

k = Agexp(— ), (6.28)
where eorp is ORP.

According to (6.28), a more negative ORP will result in a higher reaction
rate, and vice versa. This relation is also observed from production data. ACP
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is the controlled chemical reaction and happens on the surface of the substrate.
Assume the solution in the reactor is perfectly mixed. Then by applying the mass
balance principle, the dynamics of the cobalt removal reaction in each reactor
can be formulated as

Z—j = %cin - %c —kAc, (6.29)
where V is the volume of the reactor, fi, and foy are the inlet and outlet flow
rate of the reactor, cj, and ¢ are the inlet and outlet cobalt ion concentrations of
the reactor, k is the reaction rate, and A is the surface area of the substrate or
seed crystal in unit volume. As shown in Figs. 6.5, 6.6, and 6.7, a quasilinear
relation between kA and ORP was observed under different flow rates. (Before
the identification of the model parameters, the value of A cannot be obtained.
Therefore, kA was treated as unity.) When the ORP is more negative, the value
of kA is larger. As the value of A stays in a certain range during a certain time
interval, a larger kA indicates a larger k.
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FIGURE 6.5 The relation between ORP and kA when the inlet flow rate is between 150 and
200 m?.

6.2.4 Kinetic model construction

According to the results in Section 6.2.3, the dynamics of ACP can be described
by

dc i

= %cm - %c — kAc. (6.30)
Among the variables, V is constant, fi, and foy are not controlled by the cobalt
removal process, and cj, is determined by the feeding conditions and the opera-
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FIGURE 6.7 The relation between ORP and kA when the inlet flow rate is between 250 and
300 m3.

tions conducted in the upstream processes. Therefore, in ACP, the reaction rate
can be controlled by adjusting the values of k and A.
Substituting Eq. (6.28) into Eq. (6.30),
@ _ & Sout E.+ 2aF(eom - eeq)

o Jout L Anexp(—
dr =y i Ty ¢ Avexp( RT,

)Ac. (6.31)
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In Eq. (6.31), the value of A is determined by the amount of substrate, e.g.,
cobalt-arsenic alloy. As shown in Fig. 6.1, the solid in a reactor consists of two
parts: the seed crystal in the underflow from the thickener g¢ and the seed crystal
produced in real-time during the reaction g;.

From the viewpoint of mass balance, the mass of the substrate in reactor #1
holds following the relation with the solid mass in the underflow:

fuf
s = —————&uf> (6.32)
8 fO + fuf Buf

where g is the mass of substrate in unit volume of the reactor, g,r is the mass of
substrate in unit volume of the reactor, and fj and f,r are the flow rates of the
inlet solution and underflow. According to the chemical assay, the value of g is
20 to 60 times as high as the value of g;. The seed crystal produced in real-time
is negligible compared with the seed crystal in the underflow. In addition, the
value of gr is hard to obtain. Therefore, the substrate mass in unit volume of the
reactor is usually considered as gs.

Assume that the shape of the substrate particle is spherical, the radius, vol-
ume, and surface area of each particle are r, Vj, and Ay, the total volume of the
particles in the reactor is Vg, the density of the solid content in the reactor is p,
and Vs, Vp, and Ay satisfy [8]

pVs = g5V, (6.33)
4 3

Vo= 3, (6.34)

Ao = dmr?, (6.35)

Then the total surface area of the particles in the reactor is
Apg=—As0 = gs—, (6.36)

where gs can be obtained using (6.32) and p and r are determined by the physi-
cal properties of the particles.
If we denote % as fBy, then

Ao = BugsV. (6.37)
Therefore, the surface area of the substrate in unit volume of the reactor is
Ay = Bugs- (6.38)

In practice, the reaction rate cannot increase with A, unlimitedly. In ad-
dition, the surface area of the substrate is not fully effective. If the surface is
attached by basic zinc sulfate or if the solution is viscous due to a very high zinc
ion concentration, the ACP is hindered and the effective surface area for cobalt
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deposition is shrunk. Therefore, the effective surface area per unit volume of the
reactor is

A = pyPugs, (6.39)

where (1, is the ratio of the effective surface area.
If we denote B,gs and uy as Ag and B, respectively, then

dc fin fOUt Ee + zaF(eorp - eeq)
— = —in — ——c¢ — Apexp(—
dt % \% RT,

)BAge.  (6.40)

The physical meanings and units of the model parameters are shown in Ta-
ble 6.1.

In Eq. (6.40), Ao, E., o, enix, B, and Ay are unknown and need to be iden-
tified. Among these parameters, Ao, B8, and Ay are correlated; Ag represents
the effective collision frequency between cobalt ions and substrate, and 8 and
Ag are the ratio of effective surface area and reaction surface area of the sub-
strate, respectively. These three parameters are physically closely related. They
are all related to the contact between cobalt ions and substrate. In addition, their
ranges are difficult to determine. Therefore, Ap, B, and A, are combined into
one parameter, Ag = AgfBAg. Eq. (6.40) can be further rewritten as

dc _fin fOllt Ee + 2aF(e()rp - eeq)
= "—Cin — ¢ — Agexp(—
dt 'V 1% RT,

)c, (6.41)
where Ag, E,, a, and eeq are model parameters to be identified.

6.3 First-principle/machine learning integrated process
modeling

In Section 6.2.4, the kinetic model was built. The advantage of the kinetic model
is that it can describe the underlying physicochemical laws of a process. How-
ever, as discussed in Section 6.2, the dynamics of ACP are influenced by various
factors which cannot be explicitly covered by the kinetic model. As shown in
Fig. 6.8, the consumption rate of Co®* is determined by the main reactions [3].
Howeyver, the main reactions interact with side reactions. In addition, the inter-
actions between ACP and other unit processes give rise to the fluctuations of
inlet and reaction conditions, which then change the proportions and interaction
manner of the main and side reactions. As a result, the ACP exhibits various
working conditions with different dynamics.

6.3.1 Integrated modeling framework

In order to comprehensively describe the dynamics of ACP, a CSS-based inte-
grated modeling framework has been proposed (Fig. 6.9) [11]. In order to make
use of the advantages of the first-principle model (FPM) and the data-driven



TABLE 6.1 Parameters in the kinetic model.

Parameter

eorp
eeq

Physical meaning

Inlet cobalt ion concentration

Outlet cobalt ion concentration

Volume of reactor

Precipitant content in unit volume of the reactor

The ratio of effective reaction surface area

Frequency factor of cobalt removal reaction

Ideal gas constant

Reaction temperature

Faraday constant

Standard activation energy of the cobalt removal reaction
Oxidation-reduction potential of the solution
Equilibrium potential of cobalt ions

Transfer coefficient of electrode potential change to cathode activation energy
Surface area of the substrate in unit volume of the reactor

Unit
mg/L
mg/L

m3

kg/m3

1/s
J/(mol - K)
K

C/mol
kJ/mol

Value

8.314472

96485
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FIGURE 6.8 Main and side reactions in the cobalt removal process.

model, the process model is formulated in an integrated form, which is a combi-
nation of a FPM and a machine learning-based input/output model (ML-IOM).
The FPM is considered as the nominal kinetic model. The ML-IOM accounts
for the deviation between the output of the nominal kinetic model and the real
value of the concerned index. Considering that ACP exhibits multiple work-
ing conditions, the deep features are first extracted to divide the comprehensive
state space into different subspaces. Each subspace is associated with one type
of working condition. Then, the submodels under each working condition are
obtained by identifying and training the model parameters, i.e., the FPM and
ML-IOM. Therefore, the dynamic process model is formulated as a weighted
sum of the submodels, which has the same formulation as (2.15) in Chapter 2:

Ny ' .
xo(k+ 1) =xo(k) + Y _ P(iIn)lf, xo(k). ©K)) + UV @(k)].  (6.42)
i=1

where i indicates the ith working condition, f,(f)(xo (k), ®(k)) can be derived
from the nominal kinetic model or the FPM, U (z(k)) is the machine learning-
based data compensation model, and z are the latent variables. The weights
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FIGURE 6.9 CSS-based integrated modeling framework of ACP.

P(i|z) are the probabilities that the current process belongs to each working
condition. It updates continuously with the evolution of ACP in the comprehen-
sive state space.

6.3.2 Working condition classification

In the CSS modeling framework, parameters of the FPM and the machine learn-
ing model under each working condition are different. To automatically classify
the working condition, the deep features of ACP are first extracted. Then, the
comprehensive state space is divided into subspaces using deep features. Each
of the subspaces corresponds to a working condition.

6.3.2.1 Deep feature extraction

In order to decrease the computation load, the high-dimensional raw data have
to be mapped into low-dimensional latent variables, which can be regarded as
features of raw data. The mapping can be achieved using deep feature extraction
(DFE), which can recognize the patterns of raw data. The advantage of DFE lies
in its ability to learn very complex nonlinear functions. This is achieved using
multiple levels of representation [12][13][14].

Stacked auto-encoder (SAE) is a typical unsupervised multilevel deep learn-
ing network [15]. In SAE, multiple auto-encoders are stacked to form a mul-
tilevel structure. In each auto-encoder, there exist one input layer, one output
layer, and one hidden layer (Fig. 6.10). It first encodes the inputs to latent vari-
ables, and then the latent variables are used to reconstruct the inputs in the output
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layer. For the ith auto-encoder,
Y; = H(W;X; +b;), (6.43)
Y; =H (W)Y; +b)), (6.44)

where X; € R" is the input of an auto-encoder, Y; € R™ is the latent vari-
ables to be extracted, SA(,' € R" is the reconstructed outputs, H(-) and H'(-) are
activation functions, e.g., sigmoid function, and W; € R™i*"i W; € Rixmi
b; € R, and b; € R" are weighting matrices and bias vectors, which are the
design parameters obtained by minimizing the reconstruction error on a training
set with M samples:

M
i ~(j)
Csar(Wi, Wi, bi b)) = X — 1712 (6.45)
j=1

The extracted latent variables can be regarded as features of the inputs,
which are then used as inputs of a subsequent auto-encoder. The training of
SAE includes a pretraining and a fine-tuning stage. In the pretraining stage,
the auto-encoders are trained layer by layer. After the pretraining of each auto-
encoder, the latent variables of the last auto-encoder are outputted as the deep
features z = Y. Then, the regression function U (z) is pretrained by minimizing
the regression error:

M
ation') ;
LRegression (@1, -+ , &N) = Z ”Xdoevmtlon " U(Z(/))Hz, (6.46)
j=1
where x%e“a‘i"“(j) and zgj ) are the FPM deviation and the deep features of the

Jjth training sample, and U(-) is a regression function of the deep feature set z.
After pretraining, [e¢1, - - -, o] and [W;, W7, b;, b] are used as initial guess to
exploit the optimal weights by minimizing the overall regression error.

6.3.2.2 Deep feature space partitioning

The extracted deep features are then used to classify working conditions via
dividing the comprehensive state space. In this study, the division of compre-
hensive state space is achieved in a sequential manner. The deep feature space
is first divided. Then, the division of deep feature space is mapped back to the
division of the comprehensive state space. In this section, the division of deep
feature space is introduced, which involves a rough division and a fine divi-
sion. In the rough division, a k-dimensional tree (KD-Tree) is applied to first
divide the space into different partitions [16][17]. In the fine division, the re-
sult of rough division is fed as initial guess of an LR classifier to fine-tune the
classification [18].
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FIGURE 6.11 Rough division using a KD-Tree.

Rough division using a KD-Tree

KD-Tree is a variant of the binary tree. KD-Tree splits the deep feature space
into two subspaces at each level iteratively until the deep feature space is divided
into the desired number of subspaces (Fig. 6.11). The detailed steps of KD-Tree-
based rough division include:

Step 1: Determine the desired numbers of partitions Np.

Step 2: Calculate the number of required features and the level of splits. If
2N=1 - Np < 2N N > 1, then N features and Ng number of splits are re-
quired. We have

Ns=QN ')+ WNp—-2""H=Np — 1. (6.47)

Step 3: Normalize the deep features. Calculate the variances of the normalized
features, and rank the features according to their variances. Let j = 1.

Step 4: Calculate the median value of the jth feature. Consider the jth level,
for partition S(j_1)q, where ¢ =1 to 2U=D_ and generate a perpendicu-
lar splitting hyperplane which takes the median value on the axis of the
Jjth feature. Then, the partition S;_1)q is divided into two new subspaces
Si2q—1)» Sj2q)- These two new subspaces are ranked according to the vari-
ance of the (j + 1)th feature.

Step 5: If j < N — 1, thenlet j = j + 1, and repeat Step 4 until j =N — 1.

Step 6: 1f 2/ < Np, then from ¢ = 1 to ¢ = 2/, divide the partition S j, using
the Nth feature until 2g 4+ (27 — g) = Np.

After these steps, the original feature space Sy is partitioned into {Sny, SN2, < -+,

SN@q)» SigrD)s Sj(zj)} (denoted as {S(l), S@ ... S(NP>} hereafter).

Remark 1. In the rough division, the variance of deep features is selected as
a division criterion. For each feature, larger feature variance corresponds to a
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wider distribution of feature values and therefore has a higher division effi-
ciency [19].

Fine division based on LR

The KD-Tree approach roughly divides the deep feature space into different
partitions, which can be used as an initial guess for the fine division. The fine
division is achieved using LR classifier. It estimates and discriminates among the
probabilities that the current process belongs to different working conditions:

P(ylz) = (6.48)

l4+e @’

N
o@=pHo+) Bz, (6.49)

i=1

where P(y|z) is the probability that the current observation z belongs to the
working condition with label y. If P(y|z) > 0.5, i.e., 0(z) > 0, then z is consid-
ered as belonging to working condition y; o (z) = 0 is the decision boundary;
B =1[Bo, B1, -, Bn]is the coefficient set to be identified for each working con-
dition.
The steps of fine division include:
Step 1: Letr =1.
Step 2: For subspace S, identify the coefficient set 8 by minimizing the
label estimation error:

i

(r) Ny — ("2
R (B )—Z _ﬂ(,)(z/) =y

M 1
(72
2 ; - =y, (6.50)
= | o B+ B

where y(/) is the label of the jth sample given by rough division. The sub-
space surrounded by surface o)(z) = 0 is the rth subspace of the entire
feature space.

Step 3: If r < Np,r =r + 1, repeat Step 2.

Remark 2. The partition of the deep feature space can be mapped back to the
partition of the comprehensive state space. However, the borders of the sub-
spaces are not time-invariant. In addition, new types of working conditions may
emerge during the production process. If a sufficient amount of data samples
associated with new working conditions is generated, the deep feature space
division should be repeated to update the partition.
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6.3.3 Model performance evaluation

In order to test the model performance, data samples collected from the site
were utilized to conduct an experimental study. A number of 1050 data sam-
ples were used in the experimental study. For confidential reasons, the data are
scaled and desensitized. Among the data samples, 1000 samples were used for
working condition classification, training the machine learning submodels, and
parameter identification of the first-principle submodels. The rest are used in
model performance evaluation.

The aim of the study is to test the overall performance of the integrated
model framework. The steps of the evaluation include:

Step 1: Deep feature extraction.

Step 2: Deep feature space partitioning.

Step 3: Identifying the model parameters of the FPM (nominal kinetic model)
and training the machine learning compensation model under different work-
ing conditions.

Step 4: Comparing the performance of the nominal kinetic model, the pure
machine learning-based model, and the integrated modeling approach.

The integrated modeling framework is based on the CSS descriptive sys-
tem. Therefore, the inlet conditions, reaction conditions, and output states are
selected according to the reaction mechanism.

(i) Output states: The cobalt ion outlet concentration of each reactor.
(ii) Inlet conditions: Flow rate, pH, and concentrations of the metallic ions
(e.g., Co>t, Cut, Zn>*, etc.) in the feed solution.
(ifi) Reaction conditions: ORP of each reactor, flow rate of the arsenic trioxide
and spent acid.

To sum up, there are 4 output states, 12 variables indicating inlet conditions,
and 6 variables for the reaction conditions (Table 6.2). Therefore, the total di-
mension of output states, inlet conditions, and reaction conditions is 22. The
correlations between inlet conditions, reaction conditions, and output states are
shown in Table 6.3.

TABLE 6.2 Variables selected for the CSS.

State type Variables
Output states €1, €2, €3, C4
Reaction conditions v, V2, V3, V4, fAs, fAcid

Inlet conditions fo, mpH, €0, €Cus €Zn, €Cds CNis CAss €Sbs CGe/ CFer CCa

In the working condition classification, the number of working conditions
is first selected as Np = 7. Therefore, the required number of deep features
for classification is three. Two levels of auto-encoders are stacked to form an
SAE for deep feature extraction. The number of latent variables in the two
auto-encoders is 18 and 3, respectively. The activation function adopted is the



Integrated modeling of the cobalt removal process Chapter | 6 133

TABLE 6.3 The correlations between the condition variables
and output states.

Variable c1 2 c3 c4

V| 0.2143 0.1476 0.1572 0.3085
v 0.0580 0.0419 0.0206 —0.0863
v3 —0.1221 —0.1567 —0.2421 —0.1648
vy 0.1511 0.0595 0.0494 0.0129
fAs 0.3712 0.3427 0.3759 0.3942
fAcid 0.0128 —0.0555 0.0420 0.1625
fo 0.3467 0.2015 0.2529 0.2664
mpH 0.1390 0.0683 0.0469 0.0354
o 0.5910 0.3890 0.3085 0.4931
cCu 0.1819 0.2220 0.2317 0.3073
CZn 0.0481 0.0938 0.0696 0.0772
ccd —0.2684 —0.1675 —0.1493 —0.1023
CNj 0.0182 —0.0515 —0.0377 —0.0005
CAs 0.1889 0.1144 0.1432 0.2587
csh —0.0666 —0.0958 —0.0936 —0.0247
CGe —0.1512 —0.2045 —0.1987 —0.1254
CFe 0.1264 0.0946 0.0443 —0.0388
CCa 0.1299 0.0040 —0.0385 —0.0737

sigmoid function:

6.51)

X

1
fsig(x) = I—FT'

After the deep feature extraction, rough division was conducted. The subspaces
were denoted as S31 (working condition type 1), S3; (type 2), S33 (type 3), S34
(type 4), S35 (type ), Sz (type 6), and Sy4 (type 7) (Figs. 6.11 and 6.12). Then,
fine division was conducted. In fine division, LR provides the probabilities that
the current working condition belongs to each working condition. The probabil-
ity information is useful especially for the junctions of two or more subspaces
where the type of working condition is hard to determine (Fig. 6.12). The deep
feature space division result is shown in Fig. 6.12. The locations of the 50 test
samples in the deep feature space are also denoted. It can be observed that in the
middle of the subspace, the working condition type is certain, and the probabil-
ity it belongs to the working condition associated with the subspace is 100%.
However, at the border of different subspaces, a working point may exhibit the
dynamic features of different working conditions. For example, the 30th sample
is located on the junction of subspaces S35 and S36. The probabilities that it
belongs to working conditions type 5 and type 6 are 85% and 15%, respectively.
The corresponding partitioning of the comprehensive state space is shown in
Fig. 6.13.
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For each reactor, the nominal kinetic model part of Eq. (6.42) can be derived
using Eq. (6.41). The parameters of the kinetic model under each working con-
dition are identified using the data samples associated with the corresponding
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TABLE 6.4 Parameters of the nominal kinetic model under different working
conditions.

Working condition Reactor Ag E, y Veg
S31 Reactor 1 6981106 72932 0.618 —0.300
Reactor 2 7286393 79847 0.625 —0.332
Reactor 3 8073669 79998 0.706 —0.373
Reactor 4 8983144 71945 0.664 —0.436
S32 Reactor 1 7362697 72747 0.600 —0.300
Reactor 2 7832393 79968 0.689 —0.367
Reactor 3 8668537 77202 0.671 —0.392
Reactor 4 6562077 72362 0.603 —0.404
S33 Reactor 1 5984033 72400 0.600 —0.300
Reactor 2 8365405 78822 0.601 —0.348
Reactor 3 5308410 79043 0.608 —0.348
Reactor 4 8186106 72876 0.750 —0.463
S34 Reactor 1 7638676 73391 0.600 —0.300
Reactor 2 8858660 77157 0.797 —0.427
Reactor 3 6213033 77216 0.791 —0.429
Reactor 4 5874675 78829 0.621 —0.368
S35 Reactor | 5957729 72265  0.600  —0.300
Reactor2 7970208 79557  0.630  —0.352
Reactor 3 8510620 77102 0.734 —0.417
Reactor 4 8817141 73734 0.695 —0.440
S36 Reactor 1 5349874 72240 0.600 —0.300
Reactor 2 6516429 74700 0.616 —0.385
Reactor 3 5255406 78698 0.772 —0.414
Reactor 4 7004144 71521 0.704 —0.457
S24 Reactor 1 5311958 72624  0.600  —0.300
Reactor 2 5438328 77854 0.671 —0.382
Reactor 3 8817776 70562 0.617 —0.440
Reactor 4 8756903 79996 0.640 —0.379

working condition and shown in Table 6.4. The prediction result using the nom-
inal kinetic model is presented in Fig. 6.14 and Table 6.5. For comparison, the
outlet cobalt ion concentrations of each reactor are also predicted using a pure
data-driven model (PDDM). In the PDDM, the deep features are first extracted
using an SAE. Then, the deep features are fed to RBFNN which outputs the
prediction of outlet cobalt ion concentrations of each reactor. It can be observed
from the results that compared with the kinetic model, PDDM is less sensitive
to the change of working conditions.

To construct the integrated model, for a reactor, a deviation term cdeviation 54
added to the nominal kinetic model. We have
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Similarly to the PDDM, the deviation term is modeled as a combination of a
neural network and an SAE. The input of the neural network is the deep fea-
tures extracted using SAE. Its output is the estimation of the deviation between
the output of a nominal kinetic model and the practical value of the outlet cobalt
ion concentration. The prediction result of the integrated model is presented in
Fig. 6.15. The comparison of results from the integrated model and the nominal
kinetic model is presented in Table 6.5 and Fig. 6.16 [15]. It can be observed
from the comparison that the integrated modeling framework has a higher av-
erage accuracy and more stable prediction performance. The improvement in
modeling accuracy is brought about by the higher information utilization rate of
the integrated modeling framework. By combining reaction kinetics, production
data, and information about the current working condition, the system dynamics
can be described more comprehensively. In addition, as the integrated modeling
approach is based on the CSS framework, other properties, e.g., controller gain,
status, and suggested operation, can also be associated with the current working
point to provide a comprehensive description of the process (Fig. 6.17).
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TABLE 6.5 Performance comparison between the nominal kinetic model
(FPM), the pure data-driven model (PDDM), and the integrated model using

the average relative error (ARE) and the root mean square error (RMSE).

Performance measure Reactor 1 Reactor 2 Reactor 3 Reactor 4
ARE of FPM 15.19% 15.55% 16.14% 17.21%
ARE of PDDM 8.38% 10.70% 6.67% 8.32%
ARE of integrated model 5.7% 4.02% 3.33% 7.90%
RMSE of FPM 1.3967 0.6132 0.2506 0.0706
RMSE of PDDM 0.6296 0.3877 0.1069 0.0397
RMSE of integrated model 0.4166 0.1568 0.0679 0.0314
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FIGURE 6.17 Evolution of ACP in CSS, as illustrated using test samples.
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7.1 Problem analysis

In this chapter, the optimization and control problem of ACP is discussed. For
an nonferrous metallurgical process, its control strategy is generally designed
according to the control objective, the configuration of controlled/manipulated
variables, and the characteristics of the process.

In ACP, zinc powder and arsenic trioxide are added to reduce cobalt ions
under specific reaction conditions [1]. The outlet cobalt ion concentration of
the last reactor is the technical index, which reflects the cobalt removal per-
formance. The total consumption of valuable zinc powder, which is related to
production cost, is the economical index. The operation objective of ACP is
threefold:

(i) The outlet cobalt ion concentration of the last reactor is lower than a pre-
defined technical threshold.
(i) Avoid large fluctuations of the process.
(iii) Decrease the zinc powder consumption.

In practice, the operators of ACP evaluate the running status and make oper-
ation decisions according to the value and trend of important process variables,
e.g., flow rates of feeding zinc sulfate solution, recycled underflow, spent acid
and arsenic trioxide, as well as ORP, zinc powder dosage, and temperature of
each reactor. Among these process variables:
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(i) The flow rate of arsenic trioxide is determined according to the chemomet-

ric relation discussed in Section 6.2.1.

(ii) The flow rates of spent acid and recycled underflow are determined in the
trial operation stage, and kept constant in most cases during production.

(iii) The flow rate of feeding zinc sulfate solution is not only determined by
ACP. Instead, it is mainly determined by the requirement on zinc metal
yield, and adjusted according to the running status of the overall zinc hy-
drometallurgy process.

Therefore, the zinc powder dosages of each reactor are the most frequently ad-
justed variables [2].

ACP is a multiphase reaction process with various influencing factors. The
relationship among technical index, manipulated variables, and monitored pro-
cess variables exhibits complex characteristics, such as nonlinearity and strong
coupling. In addition, with the shrinking of high-grade minerals and supply-
side volatility, the zinc smelting plants purchase zinc concentrates from different
mines. Therefore, the composition and physicochemical properties of zinc con-
centrate are complex and time-varying. As a result, the working conditions of
ACP fluctuate. By routine operation, human operators gained rich experience
which can guide their operation. So their operation is reasonable in most cases.
However, the optimality of their operation cannot be guaranteed.

Generally, under different working conditions, the operation objective of
ACP is different. Therefore, different optimization and control strategies should
be adopted. When ACP is under the normal operating state, i.e., the process is
under steady-state conditions or there are no large fluctuations, economical op-
timization is the main objective. A strategy that minimizes the total zinc powder
consumption of ACP is required. When ACP is in an abnormal operating state,
i.e., the process is under unsteady-state conditions or large fluctuations emerge,
the main objective is to recover the process to the normal operating state. The
regulation of the process state plays a more important role compared with eco-
nomical optimization.

Based on the above analysis, an optimization and control strategy based
on the idea of “normal-state optimization, abnormal-state adjustment” is pro-
posed [3]. The strategy accords with the “multiple working condition” feature of
ACP. As shown in Fig. 7.1, the operating state of ACP is monitored online. For
the normal-state optimization problem, the concepts of zinc powder utilization
rate and cobalt removal ratio (CRR) are proposed. Based on these two concepts,
a two-layer gradient optimization framework is established. Under normal-state
conditions, the economical operation of ACP can be realized by optimizing the
CRR according to the zinc powder utilization efficiency factor (ZPUF) of each
reactor. The upper layer works at a lower frequency, optimizing the CRR of each
reactor according to their zinc powder utilization rates, i.e., optimal setting of
the decline gradient of the outlet cobalt ion concentration along the reactors. The
lower layer works at a higher frequency, transferring the optimal setting value
of the technical index to the value of manipulated variables, i.e., determination
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FIGURE 7.1 Intelligent optimal setting control strategy.

of the zinc powder dosage of each reactor. For the abnormal-state adjustment
problem, rational setting values of control variables [4] are given by a case-
based reasoning (CBR) controller [5], in which an appropriate solution for the
new problem can be obtained through retrieving past successful experiences.

7.2 Normal-state economical optimization
7.2.1 Problem formulation

In normal-state conditions, the main concern is to minimize the production cost.
The overall zinc powder dosage directly affects the economic and technical
indices of ACP. An excessive zinc powder dosage is a waste of valuable re-
sources, while an insufficient zinc powder dosage cannot achieve the desired
cobalt removal performance [2]. According to the principle of material balance,
the amount of zinc powder added to a reactor should be determined according
to its efficiency in removing cobalt ions.

Assuming that the fluid in each reactor is completely mixed, the contents in
the reactor are uniform. Then, for a single reactor, the mass balance of cobalt
ions is

dc
Vachin—Fc—Vrc, (7.1)

where cj, and ¢ represent inlet and outlet cobalt ion concentrations, respectively,
F means flux of inlet/outlet solutions, V is the volume of the reactor, and r. is
the removal rate of cobalt ions. If the reactor is under steady-state conditions,
then

d
c-0

= (7.2)
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It % is small enough, then the process is also considered as in the normal state.
Combining Eq. (7.1) and Eq. (7.2),

ro= W (7.3)

Considering the reaction
As** 4+ Co*™ +2.5Zn — CoAs + 2.5Zn",

under ideal conditions, i.e., 2.5 mol zinc powder can remove 1 mol cobalt ions,
the removal rate of cobalt ions is the same as the reaction rate of zinc powder.
So for a reactor with volume V, if the cobalt ion concentration is reduced from
ci(f]" to ¢©°, then the zinc powder dosage required is

2.5Mz, 2.5M7y
C n n C
uld?eal = M ¢ Viretention = V(c:®°

Co_ Loy, (7.4)
Co Co

where Mgl%al is the weight of zinc powder that reacts with cobalt ions, Mz, and

Mg, are the atomic weights of Zn and Co, respectively, and tretention = % is the
average retention time.

In practical ACP, zinc powder is not only involved in the replacement of
cobalt ions, but also in the following reactions:
Cu*t +Zn — Zn*t + Cu,
As*T 4+ 3Cu’t +4.5Zn — CuzAs 4 4.5Zn*",
As*t 4+ Co?t 42.5Zn — CoAs + 2.5Zn> ",
As™T 4 Ni*T +2.5Zn — NiAs + 2.5Zn*",
2H' 4+ Zn — Zn** + H, 1.

Therefore, according to Eq. (7.4), considering a single reactor, its theoretical
zinc powder dosage under steady-state conditions can be expressed by

_ . Cu Co Ni H
Uldeal = Updeal T Uideal T Uideal T Uldeal® (1.5)

Cu Ni H : : : :
where upie 1> Upgeqr> and Upg.,; denote zinc powder consumed in reaction with
Cu?*, Ni**, and H:

(15— 0.50)My,
”Eiléal = Tﬂ V(Ci(l;lu — ™, (7.6)
u
. 2.5My, ) )
Ulieal = Winv(cian — N, (7.7)
H O.SMZH

Uldeal = My Vich —ch, (7.8)



Intelligent optimal setting control of the cobalt removal process Chapter | 7 145

where Mcu, MNI, and My are the atomic weight of Cu, Ni, and H; cm s cilfli,
and cin and ¢, N1, and ¢M are the inlet and outlet concentrations of Cu?™,
Ni**, and H, respectively; « is the proportion of copper ions taking part in the
reaction Cu?t 4+ Zn — Zn%* + Cu (0 < a < 100%).

However, the reaction between cobalt ions and zinc powder is a stochastic
process with kinetic barriers [1]. The reaction rate is influenced by many factors,
such as pH and viscosity. When the local pH of the solution is high, it is easy
to generate basic zinc sulfate. The basic zinc sulfate sticks on the surface of
zinc powder particles, which restricts the contact between zinc powder particle
and cobalt ions. In addition, when the concentration of zinc ions in the solution
is high, it is difficult for elemental zinc in the zinc powder to lose electrons
and diffuse into the solution as zinc ions. Therefore, zinc powder is not fully
involved in the cobalt removal reactions, i.e., the utilization efficiency of zinc
powder is not 100%.

Consider an ACP composed of N reactors. If we denote juco(7) as the ZPUF
in reaction with cobalt ions of the ith reactor, then the practical zinc powder
dosage in replacing all the cobalt ions is

UReal = 2;‘52 14 Zu L)) — ¢ + 1]
i=1
25Mzn . o N _1,. .
== Ve D gy icold) (7.9)
Co i=1
N
=Uco Yty ()hcoli),

i=1

where c © is the inlet cobalt ion concentration of reactor 1, Uc, = 2.5 MZ" \% Slo

is the zmc powder dosage needed to remove all the cobalt ions under ideal
conditions, [LCO (i) means the zinc powder utilization efficiency of reactor
i i=1,2,3,---,N), and Aco(i) means the CRR of the ith reactor (i =
1,2,3,---, N). Therefore, similarly, considering all the reactions zinc powder
is involved in, the overall zinc powder consumption is

_ Cu Co Ni H
UReal = URey] T UReal T UReal T UReal

N N
=Uco ) Hegrcoli) + Uni Y iy ()Ani(0) (7.10)
i=1 i=1

N N
+Ucu Y 1gy rea(@) + Un Y g (Dan(i),

i=1 i=1

Cu Ni H : : :
where ugg, Upey» and ug,., are the overall real zinc powder consumption in
replacing Cu>*, Ni>*, and H™, respectively; scu(i), uni(i), and (i) denote
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the utilization efficiency of zinc powder in reaction with Cu?*, Ni**, and H*
of the ith reactor, respectively; Acy (i), ANi(i), and Ag(i) are the consumption
ratio of Cu?*, Ni**, and H* in the ith reactor, respectively; and Uc,, Ui, and
Uy are the zinc powder consumption in removing all the Cu?>*, Ni**, and H*
under ideal conditions, respectively, with

_ (15 -050)Mzn |, ¢

UCu MCu in °
= 25Mzn i
oMy ™
0.5M.
Uy = 2y
My

The utilization efficiency of zinc powder in removing an impurity is related
to the reaction rate. If the reaction rate is high, there will be more impurity ions
removed per unit time and the zinc powder utilization efficiency is high. If the
reaction rate is low, fewer impurity ions will be removed per unit time and the
zinc powder utilization efficiency is low. Among Co?*, Cu?*, Ni2*, and H,
Cu?* and HY are the easiest to react with zinc powder. Although the addition
of arsenic trioxide made the precipitation of cobalt ions possible and the pres-
ence of copper ions accelerates the precipitation process, the activation energy in
cobalt precipitation is still high. This indicates that the reaction rate of the cobalt
precipitation reaction is still low. Therefore, zinc powder can replace far more
copper and hydrogen ions than cobalt and nickel ions per unit time. Generally,
the zinc powder utilization efficiencies in replacing copper ions and hydrogen
ions are considered to be 100%. On the other hand, as nickel and cobalt are
both iron group elements. They have very similar physical and electrochemical
properties. Their atomic weights are 58.93 and 58.69, respectively. Their stan-
dard electrode potentials are —0.277 V and —0.230 V, respectively. They both
exhibit the overvoltage phenomenon when precipitating on the surface of the
zinc powder particle. The precipitation reactions of cobalt and nickel have high
activation energy. So the zinc powder utilization efficiencies in replacing cobalt
ions and nickel ions are considered as the same. This is also confirmed in the
laboratory data. It is observed that the removal ratios of cobalt and nickel ions in
each reactor are close. The ZPUF therefore concerns the zinc powder utilization
in replacing cobalt and nickel ions.

7.2.1.1 Zinc powder utilization efficiency factor

Zinc powder utilization efficiency factor: Forthe ithreactor(i =1,2,---,N),
consider the retention interval of a block of solution with volume V. The
zinc powder utilization efficiency factor [2] is the ratio between the theoret-
ical zinc powder consumption in replacing Co>* and Ni** and the real zinc
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powder consumption:

Co ; Ni : Co ; Ni :
uldeal(l) + uldeal(l) uIdeal(l) + uldeal(l)
UReal (l) uReal(l) uIIiIeal(i) uReal(l) + uReal(l)

Heo(i) = (7.11)

where uldeal(z) and uldeal(z) are the zinc powder consumption in replacing Co**
and Ni2t of the ith reactor, uReal(z) and uReal(z) are the real zinc powder con-
sumption in replacing Co?* and Ni?™T of the ith reactor, UReal (1) 18 the overall
zinc powder consumption in the ith reactor, and uR o () and ugeal (i) are the real
zinc powder consumption in replacing Co?* and Ni%* of the ith reactor.

According to Eq. (7.11), the overall zinc powder consumption in the ith
reactor can be expressed as

UReal (V) = uRey (i) + uRen (1) + e [ (1) + R (1. (7.12)

As cobalt and nickel have similar electrochemical properties, i.e., close standard
electrode potentials, reaction rates, and atomic weights [6], if cc"(i )=k, ch(i),
then Eq. (7.12) can be approximated as

UReal (1) = U () + Uhon (1) + (1 + k) el (Duliey (). (7.13)

Considering the retention interval of the solution in all the reactors of ACP,
if the ACP is under normal-state conditions, then the overall zinc powder con-
sumption can be formulated as

N
UReal = Uy F Ueq + (1 +K) D s (DusRy (i)
i=1

Uy + by (L) > ZHVZM D) — G + D],
i=1
(7.14)

7.2.1.2 Cobalt removal ratio

Cobalt removal ratio: The CRR of a single reactor presents the ratio between
the removed cobalt ions and the inlet cobalt ion concentration of the first
reactor under normal-state conditions:

Co/:y _ .Coys
Acoliy = A D, @.15)

Cin

Where cco(i ) means inlet cobalt ion concentration of reactori (i =1,2,3,---,
— 1), and ¢©°(1) = c1C° cCO(N + 1) is the outlet cobalt ion concentration of
reactor N.
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According to Eq. (7.15), Eq. (7.14) can be simplified as

2.5Mz,

UReal = URoy + Ufteq + (1 + & D e Ve e leuag(i>x<:o<i>. (7.16)
im
If we denote
Uby = (1+k, )ZSACJZ“V e, (7.17)
then Eq. (7.16) can be further simplified as
N
UReal = Uy + Uhea + Uy Y e (DAco(i). (7.18)

i=1

The copper ion concentration in the feeding solution is determined before cobalt
removal. The hydrogen ion concentration is determined by the flow rate and
concentration of spent acid, which is usually kept constant. Therefore, if we
only consider ACP, in Eq. (7.18), what can be optimized is the zinc powder
consumption in replacing Co?>* and Cu?*. If the cobalt and copper removal
processes are considered together, then ure, can be further optimized. In this
chapter, we consider the former case.

7.2.1.3 Optimization problem formulation

Zinc powder utilization efficiency cannot only be used to estimate the required
zinc powder dosage of a single reactor, but also to optimize the overall zinc
powder consumption of ACP. In ACP, the cobalt ion concentration is grad-
ually reduced along the reactors. Each reactor corresponds to a stage of the
entire cobalt removal process and has different reaction states and conditions.
Therefore, the zinc powder utilization efficiencies of the reactors are different.
In addition, for a single reactor, due to fluctuations in the feeding conditions and
the complex characteristics of the cobalt removal reaction, the reaction states
and conditions inside each reactor are time-varying. Therefore, the zinc pow-
der utilization efficiency of a single reactor is time-varying. If more cobalt is
to be removed in the reactor with high zinc powder utilization efficiency and
less cobalt is to be removed in the reactor with high zinc powder utilization effi-
ciency during each optimization cycle, the overall zinc powder consumption of
ACP can be optimized.

On the other hand, the CRR of a reactor is an external reflection of its in-
ternal reaction state. A higher CRR indicates that the reactor can remove more
cobalt ions, and the rate of the cobalt removal reaction inside the reactor is
higher. A lower CRR indicates that the reactor can remove fewer cobalt ions,
and the rate of the cobalt removal reaction inside the reactor is low. In practice,
each reactor has its own position and function in the cobalt removal process.
For example, reactors #1 and #2 correspond to the rough adjustment stage of
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ACP. These two reactors remove most of the cobalt ions. Reactors #3 and #4
correspond to the fine-tuning stage of the cobalt removal process. Only a small
ratio of cobalt ions is removed in this stage. Moreover, the stability of the CRR
reflects the stability of the reaction state inside the reactor. A small fluctuation
of the CRR indicates that the reaction state inside the reactor is stable. A large
fluctuation of the CRR indicates that the reaction state inside the reactor is un-
stable. Therefore, limiting the CRRs of each reactor in reasonable ranges not
only conforms to the production requirements, but can also maintain the stable
operation of ACP.

A block of solution with volume V

o, @ C1, @ Ca @ 3 N
- I I T Ty '__r/

Reactor 1 Reactor 2 Reactor 3 Reactor 4

FIGURE 7.2 The retention of a block of solution with volume V in ACP.

Considering the retention interval of a block of solution with volume V from
flowing into the first reactor to overflowing the last reactor (Fig. 7.2), the eco-
nomical optimization problem of ACP under normal-state conditions can be
transformed to a constraint optimization problem as follows:

N
min - uroa (A, Az, AN) = Ul D iy (DAco (D),

i=1

N
st. 0< eIl = ) Aco(D)] < Cindex (7.19)

i=1

1 . . up ,.
NOR YNGR A}
in which cjpgex is the upper limit of the outlet cobalt ion concentration of the last
reactor and )\ICO(‘)’V (i) and Aé%(i) are the lower and upper limits of Ac, (7). The idea
is to assign CRRs to the reactors according to their ZPUFs. The optimization
objective is minimizing the overall zinc powder consumption. The constraints
include:

(i) The CRRs of each reactor are within reasonable ranges, e.g., Table 7.1.
(i) The outlet cobalt ion concentration of the last reactor is lower than the tech-
nical threshold.
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TABLE 7.1 Reasonable range of CRR.
Reactor Minimum CRR Maximum CRR

1 50% 75%
2 25% 40%
3 1% 5%
4 1% 3%
L Co Gradient optimization of ACP
" ) ---Gradient 1
) ——Gradient 2
\\\\\\\ - *Grad@ent 3
A\ Gradient 4
\\\\ \ — Technical threshold
'\

=~

out of predefined range of CRR

fail to meet the required
purification performance

Cobalt ion concentration

within/ 7
predefined - .
range of CRR L

0 T1 T2 T3 T4

FIGURE 7.3 Gradient optimization of ACP.

Gradient optimization of ACP

In ACP, the cobalt ion concentration gradually decreases along the reactors,
forming a curve with certain decline gradients (Fig. 7.3). The optimization of
CRRs equals the optimization of the outlet cobalt ion concentration of each
reactor. In this sense, the economical optimization problem of ACP equals op-
timizing the decline gradients of the outlet cobalt ion concentration along the
reactors, i.e., finding the best decline curve from all possible decline curves.

Gradient optimization of ACP (GOACP): The economical optimization of
ACP is essentially a gradient optimization problem, i.e., finding optimal de-
cline gradients of cobalt ion concentration along the reactors according to the
ZPUF of each reactor, which minimizes the overall zinc powder consumption
of ACP and keeps the CRRs of each reactor within reasonable ranges and the
outlet cobalt ion concentration of the last reactor lower than the technical
threshold.
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The decline gradient of cobalt ion concentration is very important to ACP. It
affects not only the overall zinc powder consumption, but also the final cobalt
ion concentration and stability of the operating state. As shown in Fig. 7.3, the
green line indicates that if the cobalt removed in the first reactor is not sufficient,
then the difficulty of cobalt removal in the subsequent reactors is increased, and
hence the outlet cobalt ion concentration of the last reactor exceeds the technical
threshold.

7.2.2 Two-layer gradient optimization under normal-state
conditions

In order to realize the gradient optimization of ACP, a normal-state optimization
framework as shown in Fig. 7.4 is established. The framework consists of two
levels. The upper layer includes a CRR optimal setting unit which completes
the optimization of the decline gradients of cobalt ion concentrations along the
reactors. The lower layer includes a ZPUF estimation unit and a cobalt ion con-
centration tracking controller (ORP and zinc powder dosage controller). The
working mechanism of the framework is as follows:

(i) Obtain the values of important process parameters of ACP, e.g., flow rates
of inlet solution, arsenic trioxide and spent acid, the ORP and zinc powder
dosage of each reactor, the BT value, concentrations of copper, cobalt, and
nickel ions, and the outlet cobalt ion concentration of each reactor.

CRR optimal setting unit
Optimal
setting  Zinc powder consumption
level * Technical index :________:: CRR optimization
 Limitation of CRR
AN
AV
ORP setting unit
Assistant ZPUF
level estimation unit Integrated ___ ORP
model training [TV setting
PAN
PAN
\Z
Sensor and . . ORP
actuator level Chemical assay Process monitoring Controller
AN L]
[ ~z

Cobalt removal process

FIGURE 7.4 Normal-state optimal control frame.
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(ii) The ZPUF estimation unit estimates the zinc powder utilization efficiency
of each reactor according to the above important process variables.

(iii) The CRR optimal setting unit optimizes the CRR of each reactor according
to Eq. (7.19) and obtains the optimal setting value of the outlet cobalt ion
concentrations of each reactor.

(iv) The tracking controller of the cobalt ion concentration calculates the real-
time ORP value or zinc powder dosage according to the optimal setting
value of the outlet cobalt ion concentration of each reactor, which forces
the outlet cobalt ion concentration of each reactor to stay around their set-
ting values.

It can be seen from Fig. 7.4 that the ZPUF estimation unit, the CRR op-
timal setting unit, and the outlet cobalt ion concentration tracking controller
are the core components of the gradient optimization framework. This frame-
work optimizes the CRR of each reactor according to the inlet conditions and
technical thresholds. It is aimed to minimize the overall zinc powder consump-
tion and sustain the stability of the operation state. The cobalt removal rate of
each reactor is optimally set to obtain the optimal gradient of cobalt ion con-
centration. It determines the value of ORP/zinc powder dosage according to the
optimal setting values of outlet cobalt ion concentrations [7]. So compared with
artificial operation, it is easier for the gradient optimization framework to find
the optimal zinc powder dosage which minimizes the zinc powder consump-
tion.

7.2.2.1 Online estimation of ZPUF

Due to the continuous fluctuations of the inlet cobalt and copper ion concentra-
tions of reactor #1, the ACP exhibits different operating states. The zinc powder
utilization efficiency is directly related to the operating state and is affected by
various factors, e.g., zinc powder dosage, flow rates of spent acid and arsenic
trioxide, the inlet concentrations of copper ions, etc. When the operating state is
good, the cobalt removal rate is high and the zinc powder utilization efficiency is
high. When the operating state is not good, the cobalt removal rate is low and the
zinc powder utilization efficiency is low. Therefore, the zinc powder utilization
efficiencies of each reactor are also time-varying in practice.

The ZPUF is defined regarding the zinc powder utilization performance on
a time interval. More specifically, the average retention interval of the solution
in the reactor is 1 to 2 hours. The real value of the ZPUF can be calculated
only when the test results of impurity ion concentrations are obtained, which
is time-consuming. Therefore, ZPUF cannot be calculated online. To overcome
this disadvantage, a data-driven algorithm radical basis function neural network
(RBFNN) is used to estimate the ZPUF [8]. In the offline stage, the regression
model between the ZPUF and inlet/reaction conditions is trained. In the online
stage, the real-time values of the inlet and reaction conditions are used as the
input of the regression model to obtain the real-time ZPUF.
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The RBFNN consists of three layers: input layer, hidden layer, and output
layer. The inputs are process variables related to the technical index of concern.
In the hidden layer of the RBFNN, a nonlinear activation function is used, i.e., a
radial basis function. The output of the RBFNN is a weighted linear combination
of the output of hidden neurons:

y=>_ Bivi(x), (7.20)

i=1

where x = [x1, x2, -+, xn]¥ and y are the input and output of the RBFNN, g,
(i=1,2,---,m) is the connecting weight between the ith neuron in the hidden
layer and the output layer, and ; is the output value of the ith neuron in the
hidden layer. The most commonly used RBF is the Gaussian function:

Vi) = e Ixeil/of (7.21)
where || x — ¢;|| is the Euclidean distance between x and ¢;, and ¢; and o; are
center and spread of the ith (i = 1,2, - -- , m) node in the hidden layer.

The performance of an RBFNN is determined by the number of hidden
neurons, the center and spread of each neuron, and the connecting weight
B =181, B2, , Bnl According to the way the centers are selected, there exist
four types of training method, including random center selection, self-organized
center selection, supervised center selection, and the orthogonal least squares
(OLS) learning algorithm. In this chapter, the network is trained using the OLS
method [9], while the aim is to minimize the following criterion:

P
min J:Zm —di|?, (7.22)
i=1

where P is the number of training data samples and d and y are the practical
value and output of the RBFNN, respectively.

In order to test the performance of the RBFNN in estimating the ZPUF, a
test experiment was conducted according to the following steps:

Step 1. Select the input variables and determine the number of hidden neurons
and output: According to the study on the reaction mechanism, the input
variables include:

flow rate of the inlet solution;

cobalt ion concentration of the inlet solution;
copper ion concentration of the inlet solution;
zinc powder dosage;

flow rate of arsenic trioxide;

ORP.

The number of neurons in the hidden layer is set as 15. The output is the
ZPUF.
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Step 2. Select the training data: The training data are selected from routinely
collected production data of real plants. The training data should cover as
many operating states as possible. However, the training data must be se-
lected carefully, and data from the cases with an excessive additive dosage
should be avoided.

Step 3. RBFNN configuration: Select the centers {c;} using OLS, and choose
the spread of each neuron as the closest Euclidean distance between its cen-
ter and centers of other neurons. Adapt the connecting weights 8 using the
adaptive gradient descent procedure [10].

Step 4. Performance test: Randomly choose 50 test data samples and compare
the model output with the actual value, as shown in Fig. 7.5 and Table 7.2.

Practical value

ZDUF estimation of reactor 1 | —*— Estimated value

FIGURE 7.5 ZPUF estimation results of each reactor.
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TABLE 7.2 Performance of the ZPUF estimation model.

Performance measure Reactor 1 Reactor 2 Reactor 3 Reactor 4
Maximum relative error 29.01% 12.49% 20.37% 18.12%
Average relative error 6.56% 5.77% 7.99% 7.55%

7.2.2.2 Rolling gradient optimization of ACP

In every optimization step, the gradient optimization problem of ACP is solved
to obtain the optimal setting value of CRR which is expressed as a vector
[Aco(1), Aco(2), Aco(3), - -+, Aco(N)]. However, in the formulation of the op-
timization problem, we considered the retention interval of a block of solution
with volume V from flowing into the first reactor to overflowing the last reac-
tor, as shown in Fig. 7.6. In practice, the solution flows continuously through
ACP. The ZPUF of each reactor may change during this interval. In addition,
the outlet cobalt ion concentrations of each reactor may not stay exactly at their
optimal setting values. So in the solution of the GOACP problem, only Aco (1) is
used at the present optimization step, and [Aco(2), Aco(3), - -+, Aco(N)] needs
to be recalculated at subsequent optimization steps. As shown in Fig. 7.7, the
blue solid curve is the initially optimized decline curve obtained, and the dash
curve is the practical decline curve. At the next optimization step, the CRR of
reactor #2 is reoptimized, and so forth for reactor 3 and reactor 4.

CA

Co Optimal setting value of cobalt ion

concentrations of each reactor

Technical
index
Unpurified| Purified
solution | solution
Reactor 1 ; Reactor 2{ i Reactor Nj
0 T Ty Tyn-1 Ty t

FIGURE 7.6 Illustration of the gradient optimization strategy.

For the above reasons, a rolling gradient optimization of ACP (RGOACP) is
proposed. The steps of RGOACP include:

Step 1. Determine the optimization cycle.



156 Modeling and Optimal Control of Purification Process

Rolling optimization of cobalt removal process
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FIGURE 7.7 Rolling optimal setting of the CRR.

Step 2. At the beginning of the current optimization cycle, estimate the ZPUF
of each reactor using the RBFNN. Assume the ZPUF of each reactor is con-
stant during this optimization cycle.

Step 3. Optimize the CRRs of each reactor according to their ZPUFs, and
record Aco(1). Let j =2.

Step 4. Then considering reactors #; to #N, calculate [Aco (j), Aco(j+ 1), -+ -,
Aco(N)], and record Aco(j).

Step 5. Let j = j + 1. Repeat Step 4 until j = N.

Step 6. If the current optimization cycle ends, start the next optimization cycle,
and repeat Step 2.

7.3 Abnormal-state adjustment

The RGOACP framework provides an approach for the optimal control of ACP.
However, this optimization strategy has its limitation. Fluctuations in the physic-
ochemical properties of zinc concentrates, improper operation, and external
disturbances will cause fluctuations in the operating state. Therefore, ACP can-
not always stay in a normal state. When the process is in an abnormal state, it
is more important to recover to a normal state through reasonable operations
rather than to optimize zinc powder consumption. In addition, if the running
state fluctuates severely, only adjusting the zinc powder dosage is insufficient
to recover ACP to the normal state. Human operators gained rich experience
during routine production. Their successful experience is sufficient to conduct
reasonable operations under complex operating states. To detect the abnormal
state, in this section, a data-driven online operating state monitoring method is
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first presented. Then, a CBR-based adjustment approach which utilizes human
operators’ successful experience for abnormal-state adjustment is introduced.

7.3.1 Data-driven online operating state monitoring

Data-driven online process monitoring is an approach to detect the type of cur-
rent operating state. Multivariate statistical process monitoring (MSPM) is a
widely applied data-driven online process monitoring method [11-14]. It recog-
nizes the type of current operating state by observing the underlying mode of
process variables [15].

In ACP, the process variables, including output states, inlet conditions, and
reaction conditions, are highly correlated. Variation of the process variables is
driven by some underlying events, e.g., change of raw materials and manipu-
lated variables, maintenance, etc. [11]. These underlying events give rise to the
change of working conditions, which can be reflected by the variation of pro-
cess variables. The MSPM method detects the mode change of process variables
by using multivariate statistical projection (MSP) methods [16]. These methods
project the correlated raw process variables to a latent variable space. The latent
variables are linearly uncorrelated, have lower dimension, and can be used to
detect the operating state.

Principal component analysis (PCA) is a typical latent variable extraction
method in process monitoring [17-19]. Denote x € R™ as the data sample in-
cluding m process variables. If there exist N data samples representing the
normal operating state, then a sample set containing the characteristic infor-
mation of the normal operating state can be constructed as

X =[x;x2... xy1" € RN,

where each row represents a data sample xiT.

The performance of PCA will be affected if the scales of the raw pro-
cess variables are different. Therefore, the data sample set X is first scaled
to zero mean and unit variance. The scaled data sample set is (X — u)/Ds.
w=1[u1 2 ... ] and Ds = [§1 &> ... §,,] are the mean value and standard
deviation of the original data sample set, respectively. The covariance matrix
of X is approximated by ¥ = X7 X/(N — 1). The eigenvalues of the co-
variance matrix A = diag[vy v2 ... v, vic1 = v; >0 (@ =2,3,...,m). Its
orthogonal eigenvector is p = [p1 p2 ... pm], Which satisfies ¥ = pApT. If

ng m
> vi/ > vi > ny (1 <ng <m), where 5, is a predefined contribution thresh-
i=1 =1
old of latent variables or principal components and 7y is the number of retained
principal components, then X can be projected on the principal component sub-

space and the residual subspace as

X=pT +E, (7.23)
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where p is the principal loadings and T = p” X is the scores of ny latent vari-
ables. The residual vector is therefore

E=X-Tpl =1 -pphHX. (7.24)

After the construction of the PCA model, some statistical indices indicating
the current operating state can be obtained, e.g., the Hotelling 72 and squared
prediction error (SPE) metrics [20]. Here, T2 represents the deviation between
the current operating state and the normal operating state and SPE is the residual
or squared distance of the current observation from the model plane [11]:

T2 =xI pA~'pT xpew, (7.25)

SPE = | Enew|* = I1(1 = pp")xnew I (7.26)

In the building of the PCA model, only the data samples under the normal
operating state are utilized. If the T2 and SPE values of the current operating
state exceed the upper limits [18], then it is regarded as an abnormal operating
state. The upper limits of 72 and SPE are [21]

NZ—1)
T2<g2 2N =D 727
=T NN —np) ng,N—1,a ( )
Caryf 2021 Bxho(ho — 1
SPE<y® y?=61(———+1+ %)”"Iz (7.28)
1 1

where Fy, nN—1,¢ 15 an F distribution with ny and N — ny degrees of freedom for

m
a given significance level o, 6; = > k; (i=1,2,3),hg=1-— (29193)/(3922),
j=k+1
and ¢, is the normal deviate corresponding to the upper (1 — ) percentile.

In order to evaluate the detection performance of T? and SPE, the PCA
model and the upper limits of 72 and SPE are obtained using 100 data samples
under the normal operating state. A number of 50 other data samples were used
for testing. The test results are shown in Figs. 7.8 and 7.9. Samples exceeding
the upper limits of 72 and SPE are considered as abnormal operating states. It
can be observed from the test result that:

(i) Samples detected as abnormal operating states have larger modeling errors.
(ii) SPE mainly reflects the stochastic disturbance forced on the process; it has
a more intense distribution and clear variation trajectory than 7'%; and

(iii) 72 mainly reflects the variation of the essential process dynamics.

7.3.2 CBR-based adjustment under abnormal-state conditions

If the operating state of ACP is detected as abnormal, a reasonable determina-
tion of manipulating variables is needed to guarantee the satisfaction of technical
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requirements. In this section, a CBR-based controller for abnormal states is pre-
sented. CBR is an automated problem-solver which contains cases of past suc-
cessful manipulations. Each case in the case base is composed of two parts [22]:

(i) Case feature: attributes describing the operating state,
(ii) Case solution: values of manipulated variables.

CBR retrieves most similar cases from a case base. The similarity is measured
by comparing the output states, inlet conditions, and reaction conditions be-
tween the current process and cases in the base. The cases with the higher
similarity are reused to produce the setting values of manipulated variables.
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FIGURE 7.10 Structure of the CBR algorithm.

As shown in Fig. 7.10, the CBR-based controller is composed of five parts:
(i) case production; (ii) case matching and retrieval; (iii) case reuse; (iv) case dis-
card and retain; and (v) fault detection. To construct the case base, historical data
of process variables and chemical assay results are used to form each case in the
case production unit. These cases are stored in the case base. When new obser-
vations are obtained, it is first fed to the fault detection unit. If a fault is detected,
then an alarm is sent to the operators. If the process is just under abnormal-state
conditions, then the algorithm searches similar cases from the case base. These
similar cases are then reused to provide reasonable adjustments. The detailed
working procedure of these units is given below:

(i)

(ii)

Case production: The process variables and test values of outlet cobalt ion
concentrations of each reactor are routinely collected by DCS and chemical
assay. These records can be organized and stored in a historical database.
Howeyver, the case base is different from the historical database. It col-
lects successful operation cases under representative situations. Each case
is composed of case feature and case solution. Case feature is a set of pro-
cess variables reflecting the operating state. Case solution includes setting
values of manipulating variables given which have been proved reasonable
in previous operations. The feature and solution of the case are shown in
Table 7.3.

Case matching and retrieval: Denote the feature of the current process as
Ve =[v1, va, ..., v15]. Then the similarity between the current situation and
case Cx =cx,; 1S

15

Y wisim(v;, ¢k i)
i=1

SIM(V., Cy) = (7.29)

15 ’

D wi

i=1
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(i)

(iv)

v)

TABLE 7.3 Case presentation.

Physical meaning Symbol
Case feature Flux of zinc sulfate solution c1

Flux of underflow )

Dosage of arsenic trioxide a3

Specific gravity of thickener underflow cq

Flux of spent acid €5,C6,CT

Zinc powder dosage of four reactors €8,€9,C10,C11

ORP of four reactors €12, €13, C14,C15
Case solution Dosage of arsenic trioxide 51

Flux of spent acid K

Zinc powder dosage of four reactors 53, 54, 55, 56

ORP of four reactors 57,58, 59, 510

where k = 1,2, ..., K, w; is the weight of feature i determined based on
experience, and sim(v;, ck,;) is the similarity of the ith feature between V,
and Cy; sim(v;, ck,;) is defined as

. |vi — ck,il
sim(vi,cpi)=1— ——— 51 (7.30)
' max (v;, Ck ;)

After the calculation of similarity, the cases that have a similarity larger
than a threshold 6 are retrieved to derive a reasonable solution for the cur-
rent process.
Case reuse: If more than one case is retrieved, the cases with the minimum
total zinc powder consumption are selected for obtaining the final solu-
tion. The two cases, denoted as C,}m and Ciin, which have the minimum
zinc powder consumption or have the most positive ORP will be chosen to
generate the setting value for the control variables:
SIM(V,,CL. yx CL. +SIM(V,,C2, ) x C?

min min min min , (731)

: SIM(V,,CL. Y+ SIM(V,,C2. )

min min

where Cj; is the output solution.

Case discard and retain: The performance of Cj is evaluated after it has
been forced on the process. If the outlet cobalt concentrations of each re-
actor are within desired ranges and the fluctuations of the CRRs of each
reactor are small, then Cy is considered to be a satisfying solution for the
current situation and retained as a new case. Otherwise, it will be discarded.
Fault detection: In most cases, abnormal operating states can be regulated
to the normal state by adjusting manipulating variables. However, when
there exists a fault in ACP, e.g., equipment failure, only adjusting manip-
ulating variables may not help. Therefore, detection algorithms for typical



162 Modeling and Optimal Control of Purification Process

faults of ACP are used to analyze the value and trend of related process
variables. If a fault is detected, a fault alarm is triggered to remind the
operators.

7.4 Results

To test the intelligent optimal setting control framework, an industry experiment
was carried out. An experiment interval of 24 hours was selected to illustrate the
performance of the framework, which was from 9:00 a.m., September 20, 2012,
to 8:00 a.m., September 21, 2012.
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FIGURE 7.11 T2 of experimental data.

The data-driven operating state monitoring works online to detect the type
of current operating state. The detection results are presented in Fig. 7.11 and
Fig. 7.12. It was found that in the following time intervals, ACP was in the
normal state:

(i) [9:00 a.m., September 20, to 7:00 p.m., September 20],
(ii) [9:00 p.m., September 20, to 12:00 a.m., September 21],
(iii) [2:00 a.m., September 21, to 3:00 a.m., September 21],
(iv) [5:00 a.m., September 21, to 8:00 a.m., September 21].

In the above intervals, the RGOACP was used to optimize the total zinc powder
consumption. The remaining intervals were in an abnormal state, and the CBR-
based controller was used to obtain the operating variables:

(i) At 8:00 p.m., September 20, the flow rate of the inlet zinc sulfate solution
was increased from 240 m3/h to 300 m3/h. As a result, the ORP of reactor
#1 was increased, which indicates a decrease of reaction rate. This fluc-
tuation was detected by 72 and SPE simultaneously. As a response, the
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FIGURE 7.12 SPE of experimental data.

zinc dust dosage of reactor #1 was increased from 0.3 kg/m? to 0.4 kg/m?.
This adjustment is reasonable. The increase of flow rate will decrease the
retention time of zinc sulfate solution in the reactor. Therefore, more zinc
powder is added to increase the collision probability between cobalt ions
and zinc powder particles.

(ii) At 1:00 a.m., September 21, an abnormal state was detected by both T2 and
SPE. The fault detection unit found that the zinc powder feeding device
was blocked. In this abnormal state, increasing the zinc powder dosage is
useless. Therefore, an alarm was sent to the operator for clearing the fault.

(iii) At 4:00 a.m., September 21, the inlet copper ion concentration increased
from 120 mg/L to 200 mg/L. In this case, more zinc powder and arsenic
trioxide were added to eliminate the effect of the increase of copper ion
concentration.

The setting values of ORP and dosages of zinc powder and arsenic trioxide
during the experiment are shown in Fig. 7.13, Fig. 7.14, and Fig. 7.15. The
CRR and outlet cobalt ion concentrations of each reactor are shown in Fig. 7.16
and Fig. 7.17.

In order to evaluate the performance of the proposed control framework,
the daily average effluent cobalt ion concentration (i.e., the outlet cobalt ion
concentration of the last reactor) and total zinc powder consumption during the
experiment were calculated and compared with those of the remaining days in
September 2012, as shown in Table 7.4. By analyzing the experimental results,
it can be observed that:

(i) The daily average total zinc powder consumption during the experiment
was 0.6518 kg/m?>. This is less than the average zinc powder consumption
on the remaining days of September 2012, which was 0.7652 kg/m>.
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FIGURE 7.13 ORP setting value.

(ii) Compared with 86.96% of the remaining days in September 2012, the daily
average zinc powder consumption during the experiment was lower.

(iii) The daily average effluent cobalt ion concentration during the experiment
was 0.3792 mg/L. This is nearly equal to the average effluent cobalt ion
concentration of the other days in September 2012, and satisfies the tech-
nical requirement, which is 0.5 mg/L.

These conclusions indicate that by using the proposed control strategy, the zinc
powder consumption can be reduced while the effluent cobalt ion concentration
can still meet the technical requirement.

On the other hand, the reduction in zinc powder consumption brought about
by the proposed framework is less compared that brought about by process im-
provements. At the end of 2011, the zinc hydrometallurgy plant has conducted a
technical reform. For comparison, statistical data of April 2011 and September
2012 were analyzed (Fig. 7.18). It can be observed that the total zinc powder
consumption has decreased significantly. The technical root of the improvement
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TABLE 7.4 Comparison of average zinc powder consumption and effluent cobalt ion concentration.

Date

Sep 19 to 25
Sep 1
Sep 12
Sep 13
Sep 14
Sep 15
Sep 16
Sep 17
Sep 18
Sep 19
Sep 10
Sep 11

Zinc dust
consumption
(kg/m®)
0.6518
0.6515
0.6000
0.6292
0.7022
0.7548
0.7724
0.7794
0.7539
0.7138
0.6909
0.7624

Effluent cobalt ion
concentration
(mg/L)

0.3792

0.3328

0.3700

0.4586

0.4143

0.2657

0.2971

0.3543

0.4014

0.2471

0.3229

0.4171

Date

Sep 12
Sep 13
Sep 14
Sep 15
Sep 16
Sep 17
Sep 18
Sep 26
Sep 27
Sep 28
Sep 29
Sep 30

Zinc dust
consumption
(kg/m?3)
0.7936
0.8311
0.9012
0.7474
0.9485
0.8967
0.7881
1.0810
0.7077
0.6704
0.7324
0.6919

Effluent cobalt ion
concentration
(mg/L)

0.4986

0.4857

0.4367

0.3329

0.4029

0.3543

0.3314

0.4515

0.4871

0.4571

0.3771

0.3114

/91 £ | 9deyn sseooud jeaowsai 3jeqod ay jo [0u0d Suipes jewndo Jualdijjeiu]
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FIGURE 7.19 Variation of the average cobalt ion concentration decline curve.

is the reduction of inlet copper ion concentration and flow rate of spent acid. In
addition, a change of cobalt ion concentration decline gradient is also observed,
which also contributes to the reduction of zinc powder consumption (Fig. 7.19).
This phenomenon proves the effectiveness of the idea of gradient optimization.
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Chapter 8

Control of the cobalt removal
process under multiple working
conditions
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8.2.3 Design of a robust 8.3.3 Control performance
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8.2.4 Control performance References 198
analysis 180

8.1 Problem analysis

In Chapter 7, a “steady-state optimization, unsteady-state adjustment” optimal
setting control strategy was established. An RGOACP economical optimiza-
tion approach and a CBR-based adjustment approach were proposed. However,
steady state and unsteady state are a rough classification of the operating states.
Under steady-state conditions, there exist multiple working conditions, as dis-
cussed in Chapter 2. The integrated model proposed in Chapter 6 can provide
satisfying modeling accuracy in most cases. However, model-plant mismatch
inevitably happens due to reasons like equipment failure and external distur-
bances. In this situation, for a single reactor in ACP, the practical dynamics can
be expressed as

dc _ & foutc — Agexp(— E. + 2aF(eorp - eeq)
v RT,

v

)¢ + EMismatch,  (8.1)

where eMismatch denotes the mismatch, which is unknown [1][2][31[4]1[5][6][7].
Moreover, the reconfiguration of process flow and new types of raw materials
may generate new working conditions. The insufficient number of data samples
of new working conditions may lead to failure in accurately identifying model
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parameters. As a result, the exact values of model parameters for the new work-
ing conditions are unknown, i.e., Ag, Ee, o, and eeq are unknown.

For the “model-plant mismatch” situation, the controller should be able to
account for the mismatch and guarantee the stability of the process. For the
“unknown model parameters” situation, the controller should be able to pro-
vide control actions without using the process model. Therefore, to provide
appropriate control decisions under the above situations, i.e., model—plant mis-
match and unknown model parameters, two controller design approaches are
presented in this chapter. A robust adaptive control [8] and an adaptive dynamic
programming-based control [9] are designed for these two situations, respec-
tively.

8.2 Robust adaptive control under model-plant mismatch

8.2.1 Nominal process model

Consider an ACP including N reactors. Then according to Eq. (8.1), the nominal
dynamics of ACP can be described by

de _ finc . fc — Agrexp(— Ee1 + 2a1F(eorp1 — eeql))c

ar vy Oy T aneR RT, a

dey  f i Eer + 202F (eorpn — €eq2)

_— = —_ — —A - ) 8.2
ar v Ty Aol RT, ez (8:2)
den f f Een + 205NF(eorpN - eeqN)
— ==cN-1—=cy—A — ,

dr v N T yen T Anvexnd RT, on

where f = four = fin + funderflow> Where funderfiow 1S the flow rate of underflow.
According to Eq. (8.2), the nominal state space model of the process can be
reformulated as

x =89 + Ax — F(x)g(v), (8.3)

where X = [x1,x2,---, xy]7 =[c1,c2, -, cny]” is the system state; the phys-
ical meaning of x is the outlet cobalt ion concentration of each reactor; v =
[vi,vp, -, vN]T = [eorp; s €orpy» " » eOIpN]T is the ORP of each reactor; and s,
A, F(x), and g(v) are:

S0 = [%co,o,--- ,017, (8.4)
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—a 0 0 0 0
a —a O 0 0
0 a —a O 0
A= ‘ , (8.5)
0 0 a —a 0
L O 0 0 a —a
x1 O 0
0 Xy - 0
Fo=| | (8.6)
0 0 XN
g1(vy)
g2(v2)
gv)= _ , (8.7
gn(vy)
where a = ., g (v;) = Apexp(~ Z 2 o =eei)y ;1 3 . N,

8.2.2 Model-plant mismatch analysis

In practice, the dynamics of ACP are not always consistent. As discussed in
Chapter 2, the dynamics of ACP are influenced by inlet and reaction conditions
from the following aspects (Fig. 8.1):

@

(ii)
(iii)

Model uncertainties: The kinetic model is built based on some assump-
tions which may not hold under certain working conditions. Therefore,
there exist uncertainties in the kinetic model parameters which may not be
compensated by the data-driven compensation model.

External disturbances: Measurement error and equipment failure could
bring disturbances to ACP.

Reaction rate saturation: It can be observed from Eq. (8.1) that the ORP
directly affects the reaction rate [6]. We have

Ee +20F(eorp — €eq)
RT,

k = Agexp(— ).

However, the reaction rate cannot increase unlimitedly with the decrease of
ORP. Saturation can occur between ORP and reaction rate. So in practice,
ORPs of each reactor have their own adjusting ranges.

Therefore, for each reactor, the model parameters ¢ = [Ag, E., a, eeq] ex-
hibit uncertainties A¢; A¢ is unknown and depends on the inlet and reaction
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FIGURE 8.2 Reaction rate saturation phenomenon.

conditions. So g(v) can be rewritten as
g(v) =g () +dg(0,1), (8.8)

where 6 = [6,,, 617, g(v) is the nominal part of g(v) by substituting the iden-
tified model parameters in g(v), and d, (6, ) is the uncertain bias between g(v)
and g(v).

Due to the reaction rate saturation phenomenon, g(v) is saturated when v ex-
ceeds a certain value. As shown in Fig. 8.2, the saturation brings discontinuities,
which hinders the application of controller design approaches. Considering the
adjusting range of ORPs of each reactor and eliminating the discontinuities, a
smooth function is used to approximate the saturated relation between ORP and
reaction rate [10]:

av+bv? +c, if v > vy,

V)=
ga(®) ), it v < vy,

in which the parameters a, b, ¢, and vy are chosen according to g(v) (Fig. 8.2).
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Then g(v) can be expressed as
8(W) =ga(v) +da(v), (8.9)
where d, (v) is the bounded approximation error:
lda ()| = [g(V) — 8a (V)| < Dq- (8.10)

Besides model uncertainties dg(0,t) and approximation error d,(v), the
process dynamics can be influenced by external disturbances. Therefore, the
process dynamics can be reformulated as

x'():hO((P:@p,t)y
X1 =aopxo — ax; — x18a1(v1) +d1(0,v1,1),
Xi =axi_| —ax; — x;8ai (Vi) +d;i (0, v;,1), (8.11)

inwhichi =2,3,---, N, xq is the inlet cobalt ion concentration of the first reac-
tor, ¢ denotes the physicochemical properties of zinc concentrates, ho(@, 0p, 1)
denotes the dynamics of xo which are unknown, ap = %, and d; (0, v;,t) =
Xi(dg; (0,1) + dyi (vi)) + di(t) i =1,2,3,---,N) accounts for the overall
model-plant mismatch caused by model uncertainties, reaction rate saturation,
and external disturbances.

8.2.3 Design of a robust adaptive tracking controller

To demonstrate the design process, we select reactor #1 as an example. As in
practice, ORP is an intermediate variable, which can be controlled by adjusting
the physical input or the zinc powder dosage (Fig. 8.3). It is considered as input
when considering the cobalt ion concentration as the state. It is considered as
state when considering zinc powder dosage as the input. To achieve closed-loop
control of the cobalt ion concentration, zinc powder dosage is included in the
controller design as control input.

ORP Settin Additive Practical ORP
> Controller —» dosage device ] Reactor
value - osage device value
ORP Meter

FIGURE 8.3 ORP-zinc powder dosage controller.

Before the development of the robust adaptive tracking controller, the fol-
lowing assumptions are made:

Assumption 1: ACP is input-to-state stable (ISS).
Assumption 2: Process variables of ACP are bounded.
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To start with, the following system is formulated for the controller design of
reactor #1:

Xo = ho(@,0p,1),
X1 =agxo —ax1 —hy +d (1), (8.12)

hi =w,

where h1 = x1841(v1), @ is to be designed, and d; (¢) is bounded by D which is
unknown. The control input v; is embedded in /1; k; is a function of x; and v;.
For given h and x1, the value of x; is determined. In the following, we derive
the control law by designing /1.

Denote the following variables:

21 = X1 — Xr1,
22=h; —ai, (8.13)

where x,1 is the optimal setting value of x1, 77 is the error between x; and its
setting value, and z; is introduced for 4. Similarly to w, o is related with /i
and needs to be designed.

As there exist unknown and time-varying variables in the process model
and the control object is to obtain a stabilizing control law, a robust adaptive
controller design approach is applied. The controller design is based on robust
adaptive control and backstepping, which includes the following steps.

Step 1: Design a Lyapunov function,

1
V= Ez%, (8.14)

with its derivative

Va =211
= z1laoxo —axy —zp — oy +di (t) — %p1]. (8.15)

If we denote the bounds of d;(¢) and xg as D; and Dy, then z1d(¢) < |z1| D1,
z1x0 < |z11 Do, and

V.1 < zil—ax) — za — &y — %,1) 4+ aolz11Do + |z1| D1, (8.16)

@1 = c1z1 — axy — %1 4 apsgn(z1)xo + sgn(z1) Dy, (8.17)

with the unknown variable X adaptive with z; as follows:
X0 = noaolz1l, (8.18)

where X is the estimation of Dy. Design another Lyapunov function,

1 ~2
Vi=V. —Xq, 8.19
1 21+ 2n0x0 ( )
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where X9 = Dy — X9. Then combine Eq. (8.16), Eq. (8.17), and Eq. (8.19) to
obtain
. . ..
Vi =2z121 + —XoXo
Mo
< —c1z} — ziz2 + |z11 Dy (8.20)
Step 2: Design the following Lyapunov function:

1
Voo = Ez%. (8.21)

The derivative of V, is

Voo =222 = 22(w — &)

. 2 ) 2 A
= 22{w — [(c1 — a)i1 + apsgn(z1)Zo — c1ir1 — x7 4 sgn(z1) D1}

= zo{w — [(c1 — a)(aoxo — ax — hy +d(1)) + agsgn(z1)%o

—c1i — x4 5gn(z1)Di)
< 22{w = [(e1 — a)(@oxo — axi — hy = sgn(z2)sgn(cr — a)Di)

+apsgn(zi)io — c1ir — x4+ sgn(z1) Dil). (8.22)

If

w=—c222 + 21 + (c1 — a)(apxo — axy — h1) — sgn(z2)lc1 — a| Dy

X . 2 A
+agsgn(z1)%o — e —x7 +sgn(z1) D1, (8.23)
with the estimation 51 adaptive with z; and z, as

Dy = m (21| + lza(er — @), (8.24)

then, for the Lyapunov function
I~
Vo=Vi+Va+ —Dy, (8.25)
2m
where D1 =D — 151, the following is satisfied:
. . . | R 1~ = 2 2
Vo =z121 + 2222 + n—xoxo + n—DlDl < —c12] — 275. (8.26)
0 1

This indicates that if using the above design, the outlet cobalt ion concentration
can converge to its optimal setting value.
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Theorem 1. For reactor #1 of ACP, its outlet cobalt ion concentration is global
asymptotically stable if

vi = g4y (h1/x1), (8.27)
with
hi =w,
w=—c22 + 21 + (1 — a)(apxo — axi — hy) — sgn(z2)ler —alDy
+agsgn(z1)io — c1ir — xr(? + Sgn(z1)51,
Xo = noaolz1,

Dy =n1(z1] + |z2(c1 — a)]).

Proof. Theorem 1 can be established from the analysis in Step 1 and Step 2,
and is omitted here for brevity. O

Remark 1: After Step 1 and Step 2, the reference trajectory of ORP is
obtained. The ORP reference trajectories of other reactors can be obtained fol-
lowing the same lines of reasoning. However, to achieve closed-loop control of
the outlet cobalt ion concentration, an “ORP-zinc powder dosage” controller is
still required.

Remark 2: The relationship between ORP and zinc powder is very complex.
There is no existing model describing how the zinc powder dosage changes
the value of ORP. In the following steps, an approximating system is first con-
structed. Then, a zinc powder dosage controller is designed.

Step 3: Formulate the “ORP-zinc powder dosage” system as

vl = 1(xo — piuy) +o1(xy1, 0, v1, 1), (8.28)

in which ¢1(xg — pqu1) is the empirical part and o1 (x1, 6, vy, t) is the bias be-
tween the empirical part and the real dynamics of v;.

As the dynamics of vy is only partially known, we design the following ap-
proximation system [11]:

1 = fuur) + c35gv(z3) + D3sat (z3),
D3 =m3lsgu(z3)l, (8.29)

where f,(u1) = ¢1(xp — L1u1), c3 is a positive design parameter, z3 = v| — 0
denotes the approximation error, and D3 is the estimation of D3, which is the
bound of o1 (x1, 6, vy, t).

Functions sgv(z3) and sat(z3) are defined as

73 — C, if 23 2> ¢y,
sgu(z3) = 0, if [z3] < ¢y,
23 + Cv, if z3 < —cy,
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sgn(z3),  if |z3] = ¢,

sat(z3) = .
23/Cy, if |z3] < ¢y,

where ¢, > 0 is a parameter to be designed by the user.
Consider the following Lyapunov function [12]:

T3 —c)?+D3/@2n3),  ifzz>cy,
Vs = D2/(2n3),  if |z3] < cu,
1@ +c)?+D3/@2n3),  ifzz< —cy,

where ﬁg =D3— ﬁ3 is the estimation error of D3. Then the following theorem
can be obtained.

Theorem 2. For the “ORP-zinc powder dosage” system, by using the approxi-
mation system (8.29), the approximation error of v| can converge to [—cy, Cy),
which can be chosen arbitrarily small by the user.

Proof. The derivative of V3 is
. . 1 ~ =
V3 =sgv(z3)73 + n—D3D3. (8.30)
3
As z3= b1 — 01 = fy(u1) +o1(x1,6,v1,1) — 01,
. R 1 ~ =
V3=S8U(Z3)(fu(u1)—U1)+SgU(Z3)01(X1,9,U1,t)+ED3D3
X 1 ~ =
<sgu(z3)(fu(ur) —v1) + [sgu(z3)| D3 + ED3D3, (8.31)

we have

V3 < —c35gv(23) — sgu(z3)sgn(z3) D3 + |sgu(z3)| D3

1 ~ =« ~ ~
— ED3D3 + sgv(z3)[sgn(z3) D3 — sat(z3) D3]
1 -~ X
< —c3sgu(z3)? + oy Da(nalsgu(z)| = Ds)
+ sgv(z3)[sgn(z3) D3 — sat (z3) Ds). (8.32)

From the definition, it can be observed that sgv(z3)[sgn (z3)ﬁ3 —sat (Z3)b3]
= (; therefore,

V3 < —c35gv(z3)2. (8.33)



180 Modeling and Optimal Control of Purification Process

This indicates that the approximation error z3 asymptotically converges to €,
where € = {z3 : |z3| < ¢y} [12]. In addition, the estimation error of D3 asymp-
totically converges to zero. O

Step 4: The tracking error of ORP is

5=0Vr1 — V1
=v,1— 01+ 01 —v; (8.34)
=274 — 13,

where z4 = v,| — 01 with the following derivative:

24 = VUp] — 151
=01 — fo(ur) — c358v(z3) — Dysat(z3) (8.35)

= Cipiug — L1xo — c35gv(z3) — D3sar (z3) + b1

If

1 A .
up = %[Clxo + c358v(z3) + D3sat(z3) — U1 — c424], (8.36)

then
Z4 = —C424. (8.37)

This indicates that z4 converges asymptotically to zero.

According to Step 3, z3 asymptotically converges to € = {z3 : |z3] < ¢y}
Therefore, z5, which equals (z4 — z3), also asymptotically converges to € =
{z5:lzs| < e}

Remark 3: In Step 3 and Step 4, the zinc powder dosage control law is
derived which enables the closed-loop control of ACP. Among the design pa-
rameters, increasing c1, ¢2, ¢3, and ¢4 or decreasing ¢, can decrease the tracking
error. However, on the other hand, increasing ci, ¢2, ¢3, and ¢4 will increase
the control energy. Increasing 11, 12, 13, and n4 can reduce the influence of the
initial estimation error.

8.2.4 Control performance analysis

In order to test the tracking performance of the robust adaptive controller, data
samples collected from the site were utilized to conduct an experimental study.
The interval of the experimental study is 24 hours. In the experiment, the ACP
is simulated using a process model. To simulate the real situation, model pa-
rameter uncertainties, variation of inlet conditions, and external disturbances,
which are placed on reactor #1 (Fig. 8.4), are included in the simulation. The
nominal model used in controller design is different with the simulation model.
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Disturbance

Disturbance
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FIGURE 8.4 External disturbance acting on reactor #1.
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FIGURE 8.5 Variation of inlet conditions.

The variation of inlet conditions is shown in Fig. 8.5. The outlet cobalt ion con-
centrations of each reactor are precalculated using the RGOACP approach and
shown in Fig. 8.6.

The tracking performance of the controller is shown in Fig. 8.7 and Fig. 8.8.
It can be observed from the results that:
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Optimal setting values of outlet cobalt ion concentration
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FIGURE 8.6 Optimal values of outlet cobalt ion concentrations of each reactor.
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FIGURE 8.7 ORP tracking performance.

(i) The outlet cobalt ion concentration of the last reactor is always lower than
(ii) For each reactor, by using the controller, the cobalt ion concentration and

(iii) The fluctuation in the outlet cobalt ion concentration decreases along the
reactors, which indicates that the robust adaptive controller attenuates the
effects of model—plant mismatch.

Therefore, the robust adaptive control can be used as an alternative when there

the technical threshold.

ORP can track their trajectories.

exists model-plant mismatch in ACP.

24
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FIGURE 8.8 Outlet cobalt ion concentration tracking performance.

8.3 Adaptive dynamic programming for working conditions
with unknown model parameters

In Section 8.2, a robust adaptive controller was designed to handle the model-
plant mismatch situation [8]. However, in practice, new working conditions
may emerge. The data samples associated with new working conditions are
usually insufficient to identify the model parameters and train the data-driven
compensation model. Therefore, under these working conditions, the model
parameters are unknown. Model-based control approaches cannot be directly
applied. A controller design approach which does not rely on the process model
is required. In this section, we demonstrate the application of a model-free con-
troller design approach for ACP.

8.3.1 Problem formulation

Consider the ith reactor (i = 1,2, ---, N) with the following dynamics [6]:

. fim fi _ Eet2aF(v; —veq)
¢ = Ci—1— —¢i — Age RT ¢,

\% \%
Ui = ¢i(ci—1 — piu) +oi(ci, 0, v, 1).
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Denote ¢ as the optimal setting value of ¢; and

U
i =c¢i—cj.

Then

g Ji fi
G=7 v
0; :ai(cl{,c;k,e, vi, 1)+ é'j(C,/-,l +ci_y) = Gimiug,

(i1 +¢ip) = (¢ + ) —wv;, 0)(c; + ),

wherei =1,2,---, N,

Ee+20F(v—veq)

w(v,0') = Age” RT ,

and 0" =[Ay, E., , Veg].

Denote
x=[x1 x2 - X0 =[X Xopl' and w=[u; wuz - uyl,
where xc = [¢] ¢; -+ ], Xop =[v1 v2 -+ wy]l, n=2N, and
m = N. Then
x = £(x) + g(X)u, (8.38)

where f(x) € R"*! g(x) e R"*" and

Bocg — Ly +c)—
w(vr, 0))(x1 +¢f)
Foi+e) - fa+ep-
w(v2, 63)(x2 + ¢3)

f(x) =

B vt o) — B+ )
—w(vy, O0y)(xy +cx)
o1+ ¢ico
o2+ &1 (x1 +¢f)

oN + NGy + ) i
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0 0 0
0 0 0
0 0 0
(x) =
& -1 0 0
0 —Our ... 0
L 0 0 e

Generally, for system (8.38), the control objective is to minimize

J :/ [Ox(T)) + W(u(r))]dr. (8.39)
t

The solution to the optimal control problem is u*(x); Q(x) and W (u) are pos-
itive definite, which are usually chosen as Q(x) = xTQx and W(u) = u'Ru;
Q € R™" and R € R™*™ are diagonal matrices with their diagonal elements all
positive.

If there exist physical limits on the input variable constraints, the perfor-
mance index needs to be redesigned to include the input constraints. A general
way to handle the input constraint is using the nonquadratic integrand in the
performance index [13]:

u
W(n) =2 / H'(v))TRdy, (8.40)

0
where v=1[vi vy -+ vull, HW) = [hi(v1) ha(v2) -+ hwm(ua)]T,
H'v) = [h7 ') k') -+ hy ()], and h;i(-) is a bounded,
monotonic, and odd C?(p > 1) function (i = 1,2, ---,m). The function of

H(v) is to map the physical limits imposed.
In order to derive the optimal control law, the Hamilton—-Jacobi-Bellman
(HJB) equation needs to be solved:

1
vV ) fx) - g(x)H(ER—lngw‘/(x)))] +0(x)

/—H(%ngT(x)vm»

+2 H '(v)TRdv=0, (8.41)

0
with V (0) = 0. If (8.41) has a solution, then

u*(x) = —H(%R‘lgT(x)VV*(x)). (8.42)

However, (8.41) is difficult to solve explicitly. Numerical algorithms, e.g., police
iteration (PI) [14], are devised to approximate the solution:
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(i) Design an initial admissible controller uq(x).
(ii) Start from i > 0 and solve the Lyapunov equation to obtain V (i),

u; (x

)
H 'v))TRdv =0.
(8.43)

YV 0TI + g0 ()] + 0 (%) +2 fo

(iii) Update the control law
1
w10 =—HGR g7 (x)VV;(x)) (8.44)

and let i =i + 1. Stop the iteration and output V;(x) and u; as the approxi-
mated optimal solution and optimal controller when the stopping criterion
is met.

Theorem 3. For system (8.38), starting from the initial controller uy(x), two se-
quences of {V; (x)}:2, and {u; 1 (x)};2,, could be generated via the PI approach
defined by (8.43) and (8.44), and

1. 0< Vi1 (@) < Vi),
2. u;(x) is within the physical limits and admissible, and
3. if V* and u* exist, then V;(x) — V*, u; (x) — u*.

Proof. The proof of this theorem follows the lines of reasoning of Lemma 1
and Theorem 1 in [14], and is omitted here for brevity. O

Although the optimal control problem can be solved using the PI, the PI
can be applied only when f(x) and g(x) are known. However, for some working
conditions, the values of model parameters cannot be obtained. As a result, f(x)
and g(x) are unknown. The optimal control problem is therefore transferred to
find the optimal controller without knowing the system dynamics, which relies
on the use of model-free PI approaches [15].

8.3.2 Model-free zinc powder dosage controller

In PI, the controller is iteratively improved using (8.43) and (8.44). In model-
free PI (MFPI), the controller is iteratively improved by learning from the input-
state information. In MFPI, the practical control input u(x) is decomposed as

u(x) =u;(x) +v;, (8.45)

where u; (x) is the iterative control policy to be updated and v; is the excitation
noise. Therefore,

x =f(x) + g(x)u; (x) + gX)V;. (8.46)
If u; acts on the ACP, then

Vi = VV;0 ([ f (%) + g®)u; ()] + g(x)v;} (8.47)
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= -0 — W (x) + VVi® T gx)v; (8.48)
=—0(x) — W x) —2H " (u;11(x))"R"v;. (8.49)

If we integrate (8.49) on time interval [¢, t + At], then
t+At
Vi(x(t + Ar)) — Vi(x(2)) =f [-0x) — W(u;) — Suiy1)vildz, (8.50)
t

where S(u;41) =2(H ' (w11 (x)))TRT.

It can be observed from (8.50) that if u; (x) is given, then V;(x) and u;41(x)
can be approximated; {¢;(x)} pal and {v/; (x)}?‘;1 are two infinite sequences of
linearly independent smooth basis functions on a compact set 2; ¢;(0) = 0 and
Y;j(0)=0forall j=1,2,---;and V;(x) can be approximated as follows:

N
Vi)=Y jp;x) =2, (8.51)
j=1
where & =[&1 &2 -+ Gv]" and @(x) = [p1(X) $a(x) -+ PN ]

Similarly, u;41(x) can be approximated as
R | PN
;41 (0 = ~HGR™ ' Tip1 ), (8.52)

where H(-) is used to guarantee the satisfaction of input constraints,

T =[vi1(0 via® - vl (8.53)
and for each v; j(x), j =1,2, -, m,
Na,j
v, j(X) = Z’zi,«ﬂﬁj,l(x) =V; (X)Tf(i,j, (8.54)
f‘i,j:[’éi_,-.ln kip oo ki, 10 (8.55)
Vix)=[¥;1x) ¥j2(x) ... Wj,Nzﬁj(X)]T, (8.56)

m

where Ny > 0and N, = ) N ; > 0 are sufficiently large integers. Using the
j=1

approximation and denoting ¢ and ¢ + At as #; and #;41, (8.50) can be reformu-

lated as

Ny . a1 M T R
E Ci,j[¢j(X(fk+1))—¢j(X(tk))]—/ E Ky Wi (%) (x) —uj(x)de
Ik

j=1 j=1

Tk+1
- —/ [Q(x) + W(; (x))]dt + &; . (8.57)
73
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Considering the time sequence {#x }1€=0 with L > Nj + N;, we have

S
lA(i+1,1
[Eo — Ipu+Iyg,] kivio | = —Mp — My + A;, (8.58)
L l,;i+l,m
where
P (x(1)" — @ x(O)"
o(x(2)" — o x(1)"
o = ) , (8.59)
Px(L)T oL - |,
o W10 Tur () W20 Tua () - Wy (0Tt (%) 11
. 20 Tur () W20 ua(x) - Wy (0T (X)1d1
Yu =
FAa L YCORTITC ST CYCSRITEYCRERE PCONT 2 IR
XN
(8.60)
A0 a0 W (0T (%) -+ W (0 ik (%) 11
I S a0 W0 a2 ) - Wi () i ()11
i =

S 00T ) 0 00 0 a0l ],
(8.61)

o Q()dt
5]
d
My = n QO : (8.62)

1L
oxydr | |

L1
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ftgl W (W;)dt
%) A
W (iy)d1
My = i W@ , (8.63)

153 n
., W)de Ll

and A; =[g1 &1 ... si,L]T € R is the approximation error.
Therefore, the approximation problem is transferred to the estimation of ¢;
and ki+l If

rank(®;) = Ny + Na, (8.64)

then ¢; and lA(iJr] can be estimated using the least square

é‘
[ R }:(@T(a)—l@TH, (8.65)
K1
in which ® = [E¢ — lyy + Iyg,], T = [-Mgp — My], and kiyj =
AT AT AT
[ki,l ki,2 e ki,m]T

Note that I3, and My are functions of ]},'. Therefore, if [x, u] on the learn-
ing interval [#g, #;] is obtained, then PI can be conducted offline.

Lemma 1. If Assumption 1 and Assumption 2 hold, then for each i and arbi-
trary € > 0, there exist integers N{* > 0 and N;* > 0:

Ny
D Gijeix) = Vix)| <e, (8.66)
j=1

‘—H(%R—I?m(x» —ui ()| <e, (8.67)

forall x € Q, if Ny > N[ and Ny > Nj*.

Proof. The proof of this lemma follows the same lines of reasoning of Theo-
rem 3.1 in [15], and is omitted here for brevity. Il

Theorem 4. If Assumption 1 and Assumption 2 hold, then by applying the
MFPI, the sequences 0f{\7i ()2 and {ta; 11(x)}72,, can be generated; u;(x) is
admissible and satisfies the input constraints. In addition, if V*(x) and u*(x)
exist, then for arbitrary p > 0, there exist i* > 0, N i“ > 0, and N;‘ > 0 such that
if N| > N{ and N > N3,

IV¥(x) — V)| < p, (8.68)

|1 () —u*(x)| < p (8.69)
forallx € Q.
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Proof. According to Theorem 1, there exists i* > 0 which satisfies

Vi (X) — VF*(%)] < g (8.70)

0
[ 1 (X) —u*(x)| < =

> (8.71)

for any x € Q. According to Lemma 1, there exist integers N > 0 and N} > 0,
for any Ny > N and N> > N7,

Ny
D e ji (%) — Vir(x)| < (8.72)

j=1

o
2 b

’ H( R 1(0) — w1 ()| <

I\JITD

(8.73)
Therefore, according to the triangle inequality,
V(0 — Vil < p
0+ 41 () —u* ()| < p

Assumption 1: There exist Ly > 0 and § > 0 such that for all L > Ly,

[
I Zgi,kei,k 2 INj N2, (8.74)
k=1
where
O (x(k + 1)) — & (x(k))
Ok = . (875
ik |: tk+1[\111(X)Tv1(X) ‘l—’z(X)Tvz(X) m(X)Tvm(X)]Tdt :| ( )

Assumption 2: The closed-loop ACP is ISS when the exploration noise is
considered as the input [12].
As shown in Fig. 8.9, the MFPI algorithm is composed of three stages:

(i) Initialization stage: Design the initial admissible controller, select the basis
functions, and determine the design parameters.

(ii) Online learning stage: Apply the initial admissible control law on ACP and
collect the state and input information pair during the learning stage. When
the full column condition is met, stop the learning stage.

(iii) Offline policy iteration stage: Iteratively update the control law by learning
from the collected information until the stop criterion is met.
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FIGURE 8.9 Flowchart of the ADP algorithm.
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8.3.3 Control performance analysis

In order to test the control performance of the proposed approach, data sam-
ples collected from the site were utilized to conduct an experimental study. For
confidential reasons, the data are scaled and desensitized. The ACP is simulated
using a model. Four working conditions with different model parameters are
included in the study. The control targets under the four different working con-
ditions are [6.0660, 0.9577, 0.4522, 0.2500], [4.0500, 0.7225, 0.3850, 0.2500],
[4.800, 0.8100, 0.4100, 0.2500], and [6.2070, 0.9742, 0.4569, 0.2500].

In the simulation, the control algorithm is first configured in the initialization
stage. The optimal control objective is to minimize

J= / OO(XTQX +u'Ru)dr, (8.76)
0

where Q € R¥*® = diag(1,0,1,0,1,0,1,0) and R = diag(0.5,0.5,0.5,0.5).
The initial value of x was [1.50, —0.530, 0.50, —0.570, 0.25, —0.630, 0.15,
—0.670]T. The length of the learning interval was chosen as 0.5 hours. The
sampling rate of process variables was every 30 seconds. The stopping criterion
is that the norm of K is less than € = 1073.
The initial admissible control law was
. . —2X0i-1 — Xy .
u; =I'@) + A@)tanh(————— +¢(i)), (8.77)
A®)
where I'(i) and A (i) were decided according to operational experience. The
exploration noise was

e =[sin(0.01t) sin(0.01t) sin(0.01t) sin(O.Olt)]T (8.78)
under status 1 and
e = [sin(0.02t) sin(0.02t) sin(0.02t) sin(0.02t)]T (8.79)

under status 2—4.
The basis functions include

2 2 4 4 3 S 3T

OX) =[xy Xy X2i—1X2i  Xpi_y Xy Xy X2iXy;_1 Xy  X2i—1Xy;],
(3.80)

W, (x) = [x2 2 T 8.81

i(X) = [x2i-1 le‘_l] . (8.81)

In the learning stage, the admissible controller is forced on the system. After
sufficient “input-state” information is collected in the learning state, an ap-
proximated optimal control law is obtained by the MFPI in the offline policy
iteration stage. As shown in Figs. 8.10-8.13, compared with the initial admissi-
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FIGURE 8.14 Running trajectory of the ACP in the comprehensive state space.

ble control law, state trajectories using ADP are more smooth. In addition, the
system states have less fluctuations. The resulting steady-state outlet cobalt ion
concentrations under the four working conditions are [6.066, 0.9607, 0.4615,
0.187], [4.049,0.7073,0.3775,0.226], [4.790,0.8036,0.4303,0.2351], and
[6.201,0.9719, 0.4423,0.224]. The absolute relative errors between the re-
sulting state and their targets are [0.01%, 0.31%, 2.05%, 25.16%], [0, 2.10%,
1.95%, 9.68%], [0.21%, 0.79%, 4.96%, 5.95%], and [0.009%, 0.23%, 3.18%,
10.22%]. This indicates the convergency and a good tracking performance. To
illustrate the movement of ACP during the test, the trajectory of the process is
mapped into the “comprehensive state space” (Fig. 8.14). In the comprehensive
state space, the output states are outlet cobalt ion concentrations of each reactor.
The reaction conditions, which include various process variables, are simply
expressed using the ORPs of each reactor. The inlet conditions include the flow
rate and cobalt ion concentration of the inlet solution. The resulting control laws
are listed in Table 8.1. It is noted that the zinc powder dosages of each reactor
are within the practical operating limitations. To sum up, by using the model-
free and input-constrained control design approach, an approximated optimal
control law can be determined without knowing the system dynamics. Due to
its “model-free” feature, it can be used as an alternative when new working
conditions emerge or in the pilot-scale testing stage.
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TABLE 8.1 The controller lookup table obtained in the sim-
ulation study.

Case Additive dosage controller

0.360996. 0.011805x2
V[13.93 + 5.570tanh(~o oSO )

—0.192069x —0.028850x%
10.83 + 4.331tanh I
P | e | /HOEEesassiEmi 7331 i )
—0.938720x; +2.125868
V[1.90 + 0.760tanh( )

—0.018080x +0.918263x%
| V[1.09+0.437tanh( )

0.028445 40.048694%
V[17.46 + 6.986tanh (L0080 )

—0.768491+0.9935322

PltoP2 ue| YI7:68+3.072tanh( 0 i )]
0.6499731 —2.209625

V[1.27 + 0.508tanh(——gsg5——1)]

—0.974369,410.0563772
| V[0.771 + 0.308tanh( oIl L]

—0.073665x1 —0.020191%

VI[8.87 + 3.549tanh( l )
—0.05069814—0.013196%
P2 iops  ue | VI749+2.997tanh( S 2)]
1.002691 6.614536.
VI[1.68 +0.674tanh(~ - LE>O0N
0.608990x | —4.833444x2
| V[0.94 +0.375tanh ()]
0 —0.000904x1 +0.010403x>
V[13.22 + 5.287tanh( )
0.014068; —0.3633937
V[10.00 + 4.001tanh(———— 551 ———1)]
P3to P4 u= 1.753754. -ﬁ-ll 594710x2
VI[2.13 +0.853tanh (-1 )
2.260971x1+10.592536x
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Intelligent control system
development
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9.1 Framework of intelligent control systems

In order to realize monitoring and control of zinc hydrometallurgical purifica-
tion processes, an intelligent control system software (ICS) is developed and
integrated with the distributed control system (DCS), which forms the control
system of the process. As shown in Fig. 9.1, the overall control system consists
of three levels, including the sensor and actuator level, the basic automation
level, and the monitoring and control level. The sensor and actuator level is
composed of sensors which measure flow rates, temperatures, and ORPs and
actuators which execute the control command, e.g., valves and belt weighters.
The basic automation level is composed of PLC blocks, which sends the sensor
signals to the server and action signals to the actuators according to the setting
values of manipulated variables. The monitoring and control level is composed
of server stations, engineering stations, and operator stations. The server sta-
tion stores the measured values of process variables. The production data are
also sent to the data center of the plant for storage and management purposes.
An OLE for process control (OPC) server is installed in the data center. There-
fore, production data can be sent to other systems via OPC communication. The
engineering station configures the PLC blocks and graphic interface of the con-
figuration software. The operator station provides a platform for the operators
to monitor and control the process. However, due to a lack of optimal control
algorithms, the DCS system cannot provide optimized setting values of the ma-
nipulated variables. The feasibility of the setting values of manipulated variables
relies on the experience of human operators.

The ICS is located on the same level with the operator stations of the
DCS system. The framework of ICS is shown in Fig. 9.2. The class dia-
gram of the CMainFrame class is shown in Fig. 9.3. It mainly includes four
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FIGURE 9.1 Structure of the control system.

parts, including data acquisition, data management, process monitoring, and
control variables setting. It obtains real-time values of process variables col-
lected by sensors and the chemical test results, which are recorded by the
operators or the laboratory information management system via OPC com-
munication. The ICS analyzes/organizes the production data and presents the
analysis results on its front-end interfaces, e.g., prediction values of outlet im-
purity ion concentrations. It runs the optimal control approaches proposed in
this book using background programs and provides optimized setting values
of the manipulated variables. The core function of ICS is to provide setting
values of manipulated variables for the purification process, e.g., ORP/zinc
powder dosage, flow rate of arsenic trioxide and spent acid, etc. In addition,
to facilitate the operation and meet the site requirement, the ICS also provides
functions like data management, process monitoring, fault alarm, etc. There-
fore, the operators can handle faults in time and be aware of the production
situation.
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FIGURE 9.2 Functional structure of the ICS.

9.2 Data acquisition and management

The data acquisition part is the foundation of ICS. It includes sensor data collec-
tion and test data collection. The sensor data and test data are collected using the
OPC client, e.g., solution temperature, pH, ORP, zinc powder dosage, flow rate
of feeding solution, etc. These real-time values of process variables are impor-
tant for process monitoring and setting of manipulated variables. The interface
of the OPC client is shown in Fig. 9.4. The ICS also provides an interface for
operators to record chemical test results.

The data management part manages the data collected by the data acquisi-
tion part. It includes a data storage and data query module, a trend curve query
and display module, and a production report generation module. The data stor-
age and data query module stores the collected data into 11 different tables of
the database, and provides a query interface for key process variables. The trend
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CMainFrame
(from C++ Reverse Engineered)
¢m_RecordSet : CAdoRecordSet F*OnUpdateSetSet()
¢m_pApp : CRemoveCoApp * FOnlnquireTable()
¢m_pConnection : CAdoConnection * #0OnUpdatelnquireTable()
¢m_nCurrentView : UINT #»0OnProcessMonitor()
@m_bShowTask : BOOL Z¥OnPrintview()
&m_wndStatusBar : CStatusBar FOnUpdatePrintview()
% m_wndReBar : CCoolBar 7®OnAppOpen()
fem_bShowTool : BOOL F»OnUpdateProcessMonitor()
f&m_wndToolBar : CToolBar Z%OnDivice()
f&em_MyToolBar : CToolBar F¥OnViewToolbar()
%m_wndTabBar : CCoolTabBar #®OnUpdateViewToolbar()
Zem_wndListBox1 : CCoolListBox F¥OnClose()
fem_wndListBox2 : CCoolListBox FP¥OnActivate()
f&m_animlcon : CAnimatelcon F*OnAppQuit()
Rom_timerlD : UINT F¥OnCurveSpendacid()
fm_traylcon : CTraylcon 7%0OnCurveOrp()
#m_bShutdown : BOOL Z¥OnTABLEZNnAdd()
fm_clock : CLEDClock F¥OnCurveFlows()
% EnterCu : double 7%OnModelSet()
R EnterCo : double 7%0nDIgOrp()
R EnterNi : double F¥OnUpdatelnquireCurve()
RAsAdd : double 7%0OnDatalnput()
% Solid : float 7%0nDIgFlows()
RetempConCu : double #¥OnDIgZnadd()
Z*OnDIgSpentacid()
Z®CMainFrame() Z¥OnMaster()
“StatusBarShow() 7%OnTableSpentacid()
$ReplaceView() 7%0nOrpSet()
9<<static>> Readdata() 7%0OnUpdateOrpSet()
$<<virtual>> PreCreateWindow() #OnUpdateDatalnput()
P¥<<virtual>> DefWindowProc() F®OnCurveTrace()
F¥<<virtual>> WindowProc() F¥OnHelptext()
%<<virtual>> ~CMainFrame() F¥OnOptimalCorem()
$0ptimalAs203() Z¥OnUpdateCase()
@<<const,virtual>> Assertvalid() POnTableTotal()
%<<const,virtual>> Dump() Z¥OnCurveRate()
7¥OnCreate() 7¥OnTableRateave()
#¥OnManageChange() P¥OnExpertRules()
#¥OnManagePassword() E
#*OnUpdateManageUser()
#®»OnManageUser()
F®OnAppExit()
7%»OnDestroy()
#»OnCurveZnAdd()
F%0OnTimer()
#*OnToolbarDropDown()
#¥OnTrayNotification()
#¥OnInquireCurve()
7®0OnTableState()
7*OnSetSet()

FIGURE 9.3 Class diagram of the CMainFrame class.

curve query and display module can search and illustrate the intuitive variation
trajectory of selected variables in the interval of interest. The production report
generation module can generate the operation record of the current shift. It can
also generate reports of ORPs, zinc powder dosages, flow rates, and chemical
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FIGURE 9.4 OPC client.

test results within intervals of interest. The class diagram of the CPrintReport-
Dlg class is shown in Fig. 9.5.

9.3 Process monitoring and control

The control variables setting part includes an ORP/zinc powder dosage setting
module and a reaction condition adjustment module. The ORP/zinc powder
dosage setting module calculates the optimal setting value of the ORP/zinc pow-
der dosage of each reactor. The reaction condition adjustment module provides
reasonable setting values of process variables determining reaction conditions,
i.e., flow rates of arsenic trioxide, spent acid, etc. These functions are realized
using a background thread which runs simultaneously with front-end threads.
The process monitoring part monitors the key process variables and the op-
erating state. It mainly includes a process flow monitoring module, an operating
state monitoring module, and a parameter monitoring and alarm module. The
process flow monitoring module is the main interface of the ICS. It displays
main technical indices, manipulated variables, and status of equipment. For ex-
ample, in Figs. 9.6 and 9.7, the setting values of ORPs of each reactor, flow
rates of spent acid, and underflow are presented on the interface with label OV
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CPrintReportDIg
(from C++ Reverse Engineered)

gscreenx : int

gscreeny :int

gprintx : int
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FIGURE 9.5 Class diagram of the CPrintReportDlg class.
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LI

FIGURE 9.7 Process flow monitoring interface of the copper removal process.
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CRemoveCoView
(from C++ Reverse Engineered)
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FIGURE 9.8 Class diagram of the CRemoveCoView class.
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FIGURE 9.9 Class diagram of the CDIgOptimizeSet class.

(optimal value), while PV indicates the practical value. The estimated values of
outlet cobalt ion concentrations of #1, #2, and the last reactor are also displayed
in Fig. 9.6. The class diagrams of classes CRemoveCoView (for monitoring the
cobalt removal process) and CDlgOptimizeSet (for optimization of the ORP)
are shown in Fig. 9.8 and Fig. 9.9, respectively.

The operating state monitoring module recognizes the current operating state
based on the flow rate and ion concentrations of the feeding solution, ORPs of
each reactor, etc. The parameter monitoring and alarm module monitors the key
process variables. When a key process variable exceeds its reasonable limitation
or a device/equipment fault is detected or predicted, an alarm will be generated
to alert the operators.

By using the fault and alarm function of ICS, the operators can respond be-
fore the fault can further generate large fluctuations of the purification process.
As the technical indices/manipulated variables are optimized according to the
technical features and operating conditions of the purification process, the ap-
plication of the ICS provides more reasonable operations which improves the
stability and efficiency of the process.
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10.1 Summary

In this book, the authors present modeling, optimization, and control strategies
for the zinc hydrometallurgical purification process. The overall research work
follows the classical design procedure for the operational optimization of a non-
ferrous metallurgical process, which mainly includes the following steps.

Step 1. Process analysis: Obtain a deep and comprehensive understanding of
the production technology and reaction kinetics. Determine the reaction type,
and build the kinetic model of the process. Summarize the characteristics of
the production process.

Step 2. Control problem analysis: Determine the control objectives, control in-
puts, and controlled variables. Confirm the physical limitations of control
inputs and controlled variables. Analyze the difficulties in achieving the con-
trol objectives.

Step 3. Control problem formulation: Design indicators representing the tech-
nical and economical performance based on the characteristics of the produc-
tion process. Then use the designed indicators to abstract and formulate the
control problem.

Step 4. Control framework design: Design an optimization and control frame-
work according to the characteristics of the production process and the
control problem formulation. Obtain the solution for each module of the
framework, e.g., optimization strategy, KPI controller, process monitoring,
etc.

Step 5. Control system development: Develop a reliable yet human-friendly
control system which realizes the functions of the control framework.

Step 6. Implementation, evaluation, and maintenance: Install the control sys-
tem. Evaluate the control performance and make appropriate corrections to
iteratively improve the control system.

Modeling, Optimization, and Control of Zinc Hydrometallurgical Purification Process 213
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From the perspective of academic research, the key steps in the above pro-
cedure are Steps 1-4, which vary from process to process. As for the zinc
hydrometallurgical purification process introduced in this book, the main results
corresponding to Steps 14 include:

(1) The competitive-consecutive reaction system: As introduced in Chapter 3,
multiple parallel chemical reactions occur in the copper removal process.
These chemical reactions have competition or promotion relationships.
Therefore, a modeling approach based on a competitive-consecutive reac-
tion system was proposed for the copper removal process, which can also be
applied in other processes with multiple parallel “competitive-consecutive”
chemical reactions.

(2) The “ORP-reaction rate” relationship: Multiple parallel electrode reactions
occur in the cobalt removal process. These reactions have competitive-
consecutive relations, but share a common ORP. As these reactions involve
transfer of electrons between the anode and the cathode, ORP determines
the electron transfer rate (reaction rate) by affecting the potential difference.
The discovery of this relationship facilitates the control framework design.

(3) Gradient optimization of cascaded reactors: In process industry, many unit
processes are composed of cascaded reactors. The optimization problem of
this type of process is essentially the cooperative optimization problem of
each reactor. The gradient optimization approach introduced in this book
transforms the cooperative optimization problem of the cascaded reactors
to optimizing the variation gradient of KPIs along the reactors.

(4) The controllable domain-based fuzzy control approach: The attainable con-
trol performance varies with working conditions. In this book, the concept
of controllable domain is introduced, which is then classified according to
their attainable control performance. Fuzzy control rules are extracted for
different controllable domains. By classification of the controllable domain,
one can select appropriate control rules for the current working conditions
rather than low-efficiency or high-cost control rules. This approach can be
applied to other processes with varying working conditions.

The above results are obtained by an in-depth kinetic research, a long-period
field study, and the application of advanced process control approaches. These
results provide solutions for the modeling, optimization, and control problem of
the solution purification process and support the operational optimization of the
solution purification process.

10.2 Future research directions

Since the last decade, driven by the rapid development of ICT technologies,
the mode of industrial automation is trending towards smart and optimal manu-
facturing [1][2][3]. The main idea behind this trend is essentially to globally
optimize the allocation of production resources and achieve high-efficiency
production by integration of ICT technologies and control theories on vari-
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ous levels. These new technologies can be roughly classified into two cat-
egories, including infrastructure-oriented and analysis-oriented technologies.
The infrastructure-oriented technologies include cloud computing, edge com-
puting, 5G communication, Industrial Internet of Things, etc. These approaches
are aimed to gather, organize, and present the plant-wide data or the busi-
ness data of the whole supply chain. The analysis-oriented technologies include
big data analysis, transfer learning, reinforcement learning, deep learning, etc.
These approaches are aimed to take optimization and control actions based on
useful information/knowledge extracted from the collected data and the discov-
ered reaction kinetics, including:

(i) global optimization of the horizonal value chain,
(ii) cooperative optimization and intelligent control of the vertical production
process.

Level 4

Level 3

Level 2 Sufstl;:riz;)ry
Level 1 Regulatory control
Level 0 Sensor and Actuator

FIGURE 10.1 PERA pyramid structure of an industrial automation system.

Driven by this trend, the traditional pyramid structure of automation systems
of process industries defined in the Purdue Enterprise Reference Architecture
(PERA) (Fig. 10.1) is becoming more flat (Fig. 10.2). The intelligence originally
only located at the supervisory level is also moving to the floor level. As a result,
each single reactor, which is the unit material processing unit, is becoming more
smart and able to make control decisions autonomously. The originally blocked
lateral information flow between reactor/unit processes is unblocked to enable
cooperation. Therefore, a single reactor can be viewed as an industrial agent or
a cyber-physical component of a plant-wide cyber-physical system (Figs. 10.2
and 10.3). The above changes introduce new research topics. On the one hand,
“plant-wide level cooperation” and “reactor-level autonomous control” are two
new research problems of process industries. On the other hand, there are some
existing common modeling/optimization/control problems of process industries



216 Modeling and Optimal Control of Purification Process
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Unit process 3
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FIGURE 10.2 The structure of cooperative optimization and autonomous control for smart and
optimal manufacturing.
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FIGURE 10.3 Smart and optimal manufacturing system composed of industrial agents.

which deserve further study using the latest machine learning approaches or
state-of-the-art learning-based control approaches. In the rest of this section, the
future research directions of the zinc hydrometallurgy process are discussed.

10.2.1 Autonomous control of reactors

With the moving down of intelligence, reactors are becoming able to analyze
their own working conditions and take appropriate control actions to respond to
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the change of working conditions or set-point. In order to achieve this aim, the
autonomous controller should be able to:

@

(ii)

Know how the process behaves: Have a deep and comprehensive under-
standing of the dynamics of the reactions conducted in a reactor. The
behavior of a process has many facets. Describing the process behavior
relies not only on an in-depth study of the reaction kinetics but also on
the extraction of reaction laws from production data using machine learn-
ing methods. According to the authors’ previous study, both first-principle
modeling and data-driven input/output modeling are informed by proba-
bility theory and statistics, e.g., the conservative laws and reaction kinetics
used to construct the first-principle model are discovered from experi-
mental data. The combination of these two methods could increase the
utilization rate of data, information, and knowledge, thus leading to the
discovery of more facets of the process dynamics. In addition, new facts
about the process behavior can be discovered by inferencing from existing
knowledge about the process dynamics. Therefore, integrating the reaction
kinetic model, machine learning algorithms, and casual inference meth-
ods in an intelligent perception framework is a future research direction.
Moreover, integration of reaction kinetics and production data requires a
descriptive system which can also support the digitalization and visual-
ization of the process. The comprehensive state space descriptive system
proposed by the authors is a potential solution to address this problem.

Know how the working conditions are changing: For each reactor, its con-
trol task is to adjust the manipulated variables to force the technical indices
to follow their set-points. However, under different working conditions,
the behaviors of the reactor are different. In addition, the control tasks
are also different. For example, for a cobalt removal reactor, if the inlet
copper ion concentration is increased, the zinc powder dosage should be
correspondingly increased to account for the working condition change.
The increment of zinc powder dosage is determined by various influencing
factors, e.g., inlet flow rate, flow rate of spent acid and arsenic trioxide,
etc. The working conditions are determined by both inlet conditions and
reaction conditions. In practical industrial processes, changes of work-
ing conditions are mainly caused by changes of inlet conditions, which
include basic measurements like flow rate and discrete-delayed measure-
ments like concentration. If the reaction conditions and the manipulated
variables are not changed appropriately, then the working conditions may
deteriorate. In order to obtain their real-time value, the discrete-delayed
measurements need to be estimated. Therefore, the estimation of inlet con-
ditions is an important step in knowing how the working conditions are
changing. Theoretically, the estimation of inlet conditions is achieved by
designing a state observer which reconstructs the inlet conditions from
process measurements [4]. With the rapid development of deep learning
algorithms, the main concern in designing an observer for inlet conditions
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is not the approximation ability of the algorithm but the design of features
systematically describing the inlet conditions and the structural design of
an estimation framework which has a high utilization rate of measure-
ment/information/knowledge and low risk of large estimation error. The
estimation of inlet conditions is an “old” topic, however, deserving further
study using “new” approaches.

(iii) Know how to adjust the manipulated variables: A reactor has various
working conditions which can be classified roughly as normal working
conditions and faults [5][6]. Under different working conditions, different
control strategies (or control rules) should be applied. In order to make
appropriate selection under different working conditions, these different
control strategies should be incorporated in a framework. A fault detec-
tion and diagnostics (FDD) unit is placed over the control layer to monitor
the working conditions online. On the one hand, when a fault occurs, the
FDD unit outputs the type of fault. Then, the self-recovery unit adjusts the
configuration of the control framework according to the effectiveness of
each control loop/path, the design objective function for self-recovery, and
derive reasonable control actions. On the other hand, if the process is un-
der normal working conditions, then optimal control should be derived to
obtain the optimal control performance. Faults and normal working con-
ditions are only rough classifications. The normal working conditions can
be further divided into various working conditions under which the model
parameters take different values. Moreover, under some working condi-
tions, the model parameters are hard to obtain due to reasons like limited
data samples for identification or the working condition is a new one. As
a result, the model-based control approaches cannot be directly applied
under these situations. Therefore, model-based and model-free control ap-
proaches should be integrated to cover all the normal working conditions.
The design of an appropriate framework which incorporates both model-
based and model-free control approaches and enables the interaction be-
tween the two types of control approaches is required. Please note that
rule-based control approaches can also be applied in this scenario. Then
the intelligent extraction, selection, and evolution of rules under differ-
ent working conditions become the research topic. In addition, machine
learning approaches can improve the efficiency of optimization and con-
trol approaches by learning from production data [7][8]. Therefore, the
integration of advanced control, FDD, self-recovery, and machine learning
approaches can improve the production efficiency and economic perfor-
mance by providing more accurate control actions.

10.2.2 Plant-wide intelligent cooperation

An entire plant is composed of associated unit processes via energy/mass trans-
fer. Plant-wide optimization is an important feature of smart and optimal man-
ufacturing. It considers the optimization problem on the scale of the whole
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industrial production chain, which can achieve global optimization of associated
unit processes rather than local optimization of a unit process. As the dynamics
of a plant are nonlinear, the technical indices of each unit process exhibit com-
plex relationships. The plant-wide optimization problem is difficult to formulate
and solve explicitly. As an alternative solution, the plant-wide optimization can
be approximated by finding the optimal cooperation pattern of associated unit
processes, or in other words, finding the optimal operation mode of each unit
process.

The entire plant can be viewed as a network of unit processes composed
of cascaded reactors. Each reactor capable of autonomous control can be con-
sidered as an industrial agent. The entire plant, unit process, and reactor form
a three-level system. In order to establish a plant-wide intelligent cooperation
framework, three problems need to be studied:

(i) Know how to describe the interactions between unit processes/reactors:
There exist interactions between unit processes and reactors due to en-
ergy/mass transfer. Due to these interactions, the unit processes or reactors
are not isolated. Reasonable cooperations between unit processes/reactors
can damp the fluctuations of feeding conditions, guarantee the stability of
product quality, and optimize the overall production cost. As a foundation,
the plant-wide intelligent cooperation framework should be capable of
describing the interactions between unit processes/reactors. As discussed
above, an entire plant could be viewed as a material flow and processing
network in which a unit process or a reactor acts as a node. The graph
network, which is composed of nodes and edges, is a natural approach
to describe the relationship between unit processes or reactors. These re-
lationships could be extracted by applying machine learning approaches
and kinetic models. Therefore, combining reaction kinetics and machine
learning approaches together within a graph network is a potential research
topic.

(ii) Know how to find the optimal plant-wide cooperation pattern: Due to the
internal interactions between unit processes/reactors, if a unit process is in
a different operating mode, then it influences its associated unit processes
differently. So there exists an optimal operating mode for each unit process
which forms an optimal plant-wide cooperation pattern. Moreover, when
the feeding conditions and working conditions change, the operating mode
of each unit process should be adapted to form a new optimal plant-wide
cooperation pattern. The determination of the optimal plant-wide coopera-
tion pattern belongs to the realm of decision making which can be achieved
by knowledge-based inferencing on a graph network. Knowledge automa-
tion, which involves knowledge representation, acquisition, association,
processing, and application, is a potential solution for this problem [9].

(iii) Know how to transfer between cooperation patterns: After the optimal
plant-wide cooperation pattern for the current feeding conditions and
working conditions are determined, the set-point of technical indices of
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each unit process and reactor have to be obtained to enable the transfer
of cooperation patterns. The cooperation pattern transfer problem belongs
to the realm of operational optimization or optimal control if the techni-
cal indices are taken as control inputs. The optimization objectives include
the stability, cost, and final offset of the transfer process. The optimiza-
tion problem involves deriving the optimal trajectories of various variables.
Deep reinforcement learning, which combines the precise perception abil-
ity of deep learning and the optimal control ability of reinforcement learn-
ing and can learn the optimal control sequence from previous operation
experiences, could be an effective approach [10].

10.2.3 Epilogue

The process industry is experiencing a transformation from the era of advanced
process control to the era of smart and optimal manufacturing. Besides the im-
provement of infrastructure which facilitates smart and optimal manufacturing,
the rapid development of machine learning technologies as well as learning-
based control approaches and their applications in process industries enable the
increase of intelligence of the entire plant. This does not mean that the study
of reaction kinetics is no longer important. Instead, only by a deep integration
of reaction kinetics, control theory and machine learning theory can pave the
way from data, information, and knowledge to intelligence. As the fundamental
theories and key technologies for smart and optimal manufacturing cover the
horizonal supply chain and the vertical production cycle, the future research di-
rections listed in this section are far from complete. Various relevant scientific
problems need to be studied before the fundamental theories and key tech-
nologies of smart and optimal manufacturing can be systematically established,
which is the key to achieve a higher level of green and efficient production.
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