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Data Interaction-based Sintering Process Modeling and Online
Tumble Strength Monitoring for Digital Twin System

Xuda Ding, Jiale Ye, Wei Liu, Cailian Chen, Xinping Guan

Abstract—Digital twin (DT) techniques enable the virtual
model to interact with the physical process long term, showing the
potential for accurate online modeling and monitoring. However,
constructing an accurate sintering process model with data
interaction and monitoring online tumble strength (TS) in DT
is difficult because i) The complex thermo-chemical process,
and the non-uniformity of materials in the sintering process
make constructing a suitable data-driven model scheme with
data interaction difficult; ii) Designing a data-driven model to be
flexible to the time-varying sintering process with low computing
complexity, and further guarantees the continuous output in
DT is challenging; iii) The data from the sintering process
is incomplete and insufficient for constructing a data-driven
model directly, which will cause an inaccurate model. This paper
addresses these challenges and constructs a novel light-weighted
data-driven TS model. Specifically, a multi-submodel scheme is
designed based on the sintering process mechanisms and non-
uniformity analysis. Then, an adaptive forgetting factor-enabled
algorithm is proposed to deal with the time-varying nature in
the sintering process with an output of one-minute resolution.
After that, the data set is modified according to the system
delay analysis, and enriched based on the infrared images of
the sintering bed. Finally, implementation and validation of the
TS monitoring on a DT system are conducted.

Note to Practitioners—This paper was motivated by the prob-
lem of the data-driven sintering process modeling and TS moni-
toring for a DT system. It also applies to other complex processes
in industrial modeling. DT techniques enable the interaction of
data between the physical system and the virtual model, which
provides a way to update, thus keeping the model accurate in
the long term. However, the complex process makes it difficult
to design a suitable light-weighted data-driven model scheme
with an adaptive update mechanism, to guarantee the operations
stable in DT. A model with high computing complexity could
lead to DT system collapse when the model cannot return results
in real time. This paper suggests a pipeline for constructing
a light-weighted data-driven model for a complex process for
industrial DT systems. It should be noted that when the DT
system contains numerous models, a scheduling strategy for
balancing the workloads of multiple models is needed. This paper
developed a DT platform scheme with microservice techniques,
which can be used for workload balance in future applications.
Based on the platform, a TS monitoring service logic diagram
is shown for the implementation on a 360m2 sintering bed. A
three-month result shows that the data-driven model obtains
99.6% monitoring accuracy and achieves a stable workload with
a maximum relative standard variance of 7.82%.

Index Terms—Digital twin, Sintering process, Data-driven
model, System delay analysis, Machine learning.
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I. INTRODUCTION

D IGITAL Twin (DT) is the technique aroused by the devel-
opment of cloud computing, the Internet of Things (IoT),

big data, and artificial intelligence. It has strong potential
to improve the productivity as well as optimize the product
performance for the complex process industry [1]–[3]. For
the DT systems, establishing and verifying accurate physical
models is two of the most significant tasks. Constructing a
DT system requires knowledge of the production process and
interaction between the physical and digital virtual systems [4],
[5]. However, due to the complication of the actual production
process for industrial process and dispersed data collection of
discrete control system (DCS), the effective and stable models
for long-term work become the focus of the research [6]–[8].

As a typical industrial process, the sintering process has the
characteristics of the complex thermo-chemical reaction, the
non-uniformity of materials, system delay, and time-varying.
The quality of the sintered ore directly affects the quality
of the iron [9], [10]. Moreover, Tumble strength (TS) is one
of the critical evaluation indicators of sintering quality [11],
[12]. However, the complex process and the lack of timely
and continuous monitoring equipment make it difficult to
obtain the TS of the sintered ore in real time. Therefore, it
is beneficial to establish an accurate TS prediction model and
apply the effective DT system to verify the model. Although
showing to be significant, the sintering process modeling and
online TS monitoring for DT are rarely investigated in the
literature.

The sintering process modeling and TS monitoring methods
can be categorized into two types, i.e., numerical simula-
tion modeling and data-driven method [13]–[17]. Numerical
simulation modeling establishes a mathematical model based
on the thermochemical equation in the sintering process
under strict constraints and assumptions, whereas performs
not well in long-term monitoring due to the time-varying
system dynamics [13], [14]. Recently, data-driven models
have drawn attention in both academia and industry for their
effectiveness in applications. The essence of the TS data-
driven model is to train a model based on historical data with
the machine learning methods. Based on the input data filtered
by correlation analysis, afterwards, Elman neural network,
back-propagation neural network, grey neural network, and
extreme learning machine (ELM) were used to predict the
quality in [18]–[21], respectively. These methods can achieve
good monitoring accuracy when the sintering process is time-
invariant. Then, the integrated methods were used for sinter-
ing modeling to increase monitoring accuracy. A dynamical
time-features-expanding and extracting method, along with a
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learning technique, was proposed in [22], where the authors
reconstructed the time sequence of input data and then built a
data-driven model. Authors in [16] developed an integrated
method of ELM and AdaBoost algorithm. The integrated
methods increased the model accuracy with complex proce-
dures considering the thermo-chemical process, whereas the
computing time of the model was long. To accelerate the com-
putation, authors in [23] proposed a fuzzy neural networks-
based method and predicted the quality in two steps, i.e.,
offline learning and online monitoring. The online monitoring
achieved timely computing, which showed the potential for
constructing a data-driven model for long-term monitoring.
Our previous work [15] considered the non-uniformity of
materials characteristics in the sintering process and proposed
a data enrichment method for the data-driven model. However,
these studies cannot guarantee model accuracy when modeling
the time-varying sintering process since they only replied on
a pre-sampled offline data set.

Due to the time-varying in the sintering process, the data-
driven model cannot cover long-term applications if only
a prior model construction procedure is performed without
updates. Considering the time-varying sintering process, one
of the key features of DT systems is data interaction between
physical and virtual systems, which provides a way to enable
model updates with the online data. Specifically, the data of
the sintering process obtained in every minute should be used
as a feedback to update the data-driven model. The model can
be updated with the actual data to keep up with the varying
system continuously for higher modeling accuracy.

However, it is still challenging to construct a sintering pro-
cess model and monitor online TS value with data interaction
in DT. There are three main difficulties. 1) It is difficult to
design an effective data-driven scheme for data interaction,
and input data selection mechanism for the data-driven model
considering the complex thermo-chemical process and the
non-uniformity of materials. 2) It is hard to construct a light-
weighted model with data interaction to adapt to the time-
varying system. The interval between the two consecutive
instances of getting monitoring values from the updated data-
driven model needs to be smaller than the control periodical
interval of the DT system to keep the DT system stable.
Thus, the computing time of the online updated TS model
is required to be short. 3) Furthermore, the industrial data
used for the TS data-driven model construction is incomplete
and insufficient [24]. Due to the time delay in the sintering
process, the data sampled at time t does not correctly match
the exact model at the same time instance. Hereby, directly
using these incomplete data as the input of the data-driven
model in DT will certainly cause inaccurate results. The data
should be processed in the data interaction procedure before
used to identify the virtual model in the DT system. On
the other hand, the ground truth of TS is insufficient for
supervised learning due to the limitation of the monitoring
equipment. For example, the actual TS value is obtained every
8 hours, whereas the resolution of the TS data-driven model is
one minute. The insufficient data will result in an inaccurate
TS model. With the data interaction procedure in DT, an
equipment is flexible to be added to the sintering process,

and more data can be obtained for modeling and updating.
Enriching the data for accurate modeling and monitoring TS
is another issue that needs to be solved.

To tackle these challenges, this paper aims to continu-
ously monitor TS value while keeping the data-driven model
adaptive to the time-varying system. In general, the pro-
posed data-driven modeling method provides a lightweight
and accurate model, and further guarantees the continuous
operation of the DT system. Specifically, we first propose
a multi-submodel data-driven scheme to overcome the non-
uniformity of materials characteristics in the sintering process,
by a designed data interaction procedure in DT to update
the model in real time. The input data is selected based on
thermo-chemical reaction analysis with the local thermal non-
equilibrium (LTNE) model of the sintering process to construct
an accurate TS model. Then, a light-weighted data-driven TS
model is designed to keep up with the DT system’s frequency
and the sintering process’s time-varying characteristics. We
also develop an iterative update algorithm, called Adaptive
Forgetting Factor enabled Support Vector Regression (Ada-
FFSVR), which effectively avoids frequent retraining for every
submodel when new data comes in. The algorithm also realizes
continuously monitoring TS value in DT while keeping the
data-driven model adapting according to the time-varying
system. Furthermore, to construct the data-driven submodels
with incomplete and i data, the time delay in the data set
is analyzed based on the maximum information coefficient
(MIC). Data is enriched by using infrared images of the sin-
tering bed tail for accurate modeling. In general, the proposed
scheme and methods provide a methodology of constructing
lightweight and accurate data-driven model in real time, and
further guarantee the continuous operation of the DT system.
The proposed data-driven TS model is implemented on a DT
platform for practical application about a sintering process to
verify the efficacy of the data-driven model through a three-
month operation.

The main contributions of this paper are summarized as
follows:

• Considering the non-uniformity of materials character-
istics in the sintering process, a multi-submodel data-
driven model construction scheme that describes each
area of the sintering bed with an update mechanism is
proposed. Different submodels represent different areas
of the sintering bed to model the non-uniformity of the
materials. The scheme constructs an accurate sintering
model since it combines the thermo-chemical reaction
mechanism of the sintering process and embeds the data
interaction of DT to allow the model keep being updated.

• An iterative update algorithm, ada-FFSVR, is proposed
for submodels to keep up with the time-varying sintering
process. By adding the forgetting factor in the mapping
matrix of the submodel, the submodels can iteratively
update according to a prescribed threshold trigged by the
bias between actual values and model output, for a low
computing cost.

• Incomplete and insufficient data is modified and enriched.
Time delay is formally analyzed for the time-tagged
dataset based on MIC. Data is promised to be aligned to



3

the same time sequence for model construction and online
update in the DT system. The sintering temperature field
given by infrared images of the sintering bed tail is used
to increase the number of data for constructing a more
accurate model. TS value is mapped from the temperature
field based on the experiments of the sinter pot test.

• A systemic solution framework for TS data-driven model
deploying to the DT system is established and imple-
mented in a practical industrial application. To the best
of our knowledge, this is the first work on TS monitoring
in the practical DT system. We also show the high long-
term monitoring accuracy and low monitoring service
workload to validate the efficiency of the proposed model
and platform framework.

The paper is organized as follows: The data-driven model
scheme and sinter pot test are shown in Section II. The
main results of TS modeling analysis, Ada-FFSVR, time
delay estimation, and data enrichment with the sinter pot
test are given in Section III. In Section IV, we conduct the
implementation and application of the TS data-driven model
in practice. Section V concludes the paper.

II. DATA-DRIVEN MODEL SCHEME FOR DIGITAL TWIN
SYSTEM

A. Descriptions of Sintering Process and Sinter Pot Test

Sintering is a process of forming various types of ore, coke,
flux, and other raw materials through heat and pressure to iron-
enriched ore. The sintering process is shown in Fig.1, which
mainly includes material processing, material sintering, and
sintered ore processing stage.

First, in the material processing stage, iron ore, coke, flux,
water, and the returning sintered ore are mixed in a particular
proportion [25], [26]. The mixture is fed into the sintering

Fig. 1. The demonstration of sintering process

Fig. 2. The demonstration of a sinter pot

Fig. 3. The data-driven model scheme for DT system

machine through the feeder and the distributor in the material
sintering stage. After that, the mixture moves forward with the
sintering machine, passes under the igniter, and starts burning.
Since the air extraction of the bellows at the sintering machine
bottom, the mixture burns from top to bottom. The sintered
ore is formulated through a series of physical and chemical
reactions. Then, after cooling, crushing, screening, and other
operations, the sintered ore can be used for ironmaking.

The complex physical and chemical reactions in the sin-
tering process make it hard to explore the relationship be-
tween parameters and quality of the sintered ore. Besides,
the continuous production makes onsite experiments extremely
dangerous. The sinter pot testis used to simulate the sintering
process, verify the theoretical analysis and provide a guidance
for practical application [13].

The sinter pot is a cylinder made of heat-resistant steel.
The demonstration of the sinter pot is shown in Fig.2. The
test procedure is the same as the practical production. In the
test, the mixed materials are put into the sinter pot, and the
igniter ignites and burns the material thoroughly from the top
to the bottom. After the combustion, the sintered ore is formed
by cooling, crushing, screening, and other operations.

B. Data-driven Model Scheme

To model the sintering process and online TS monitoring
for the DT system, we proposed a data-driven model scheme
with the data interaction between the physical and digital
systems to connect the two sides. The sintering process data
acquired from the sintering field by sensors are used as input
variables for data-driven modeling. The number of variables
is enormous. It is inefficient to put all the variables into
the data-driven model. Thus, the input variables are selected
based on the sintering process model mechanism analysis.
To consider the non-uniformity of materials in the sintering
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bed and obtain accurate TS monitoring, we propose a multi-
submodels scheme for the sintering modeling and online
TS monitoring in the digital system. Different submodel
represents different areas of the sintering bed to model the
non-uniformity of materials. The selected data is sent to
the submodels for modeling with delay analysis. The delay
between input variables is eliminated by aligning the data to
the same time sequence. The Ada-FFSVR algorithm is used
for training and iteratively updating the data-driven model
based on the new input data acquired from the physical system
online. By adding the forgetting factor in the mapping matrix
of the model, the data-driven model can be sensitive to the
new data. The model can iteratively adapt to the new data
and operation conditions without a retraining procedure. The
update procedure is triggered by bias between the model’s
output and the actual value enriched by the infrared images.
The infrared images indicate the burning temperature field,
which is related to the TS value [27]–[29]. The data-driven
model directly outputs the temperature field. Next, the fitting
formula obtained from experiments on the sinter pot tests
maps the outputs from submodels to the TS value with the
one-minute resolution. The TS values can be sent back to the
physical system as control feedback. Fig.3 shows the scheme
of the proposed TS data-driven model.

Remark 1. The sub-model scheme can introduce more data
into the data-driven model. Empirically, more data can in-
crease the model accuracy but the computational complexity
at the same time. Thus, the learning algorithm should be
lightweight to guarantee that the computing time is short. Fur-
thermore, the number of variables used for learning should be
small, and variables should be carefully selected. In practice,
we can also use the multi-thread technique to accelerate the
computing speed since submodels in our scheme do not depend
on each other.

The detailed results of the sintering process model analysis,
Ada-FFSVR algorithm, time delay estimation method, and
data enrichment procedure are given in Section III. Here we
want to introduce the sinter pot test, which is used to obtain
the fitting formula.

III. MAIN RESULTS

The first question to answer in this section is why we use a
multi-submodel data-driven scheme to construct the sintering
process model. The sintering process model analysis is given
to explain this question. Then, the iterative update algorithm is
introduced to learn the data-driven model with update strategy.
Finally, delay estimation and data enrichment methodologies
are shown to modify and enrich incomplete and insufficient
data.

A. Sintering Process Model Analysis

A 3D coordinate system describes the sintering bed. In
Fig.1, x, y and z represent the width, length, and height of
the sintering bed, respectively. The TS of the sintered ore at
the sintering bed tail in each area is inconsistent due to the
non-uniformity of the mixed materials. TS result is considered

as an integral of TS in all units. Then, T (t;x, y, z) is defined
as the TS of the unit at the position (x, y, z) with time-tag t.
The TS result at time t can be formulated with consideration
of the system delay,

TS(t+ tc) =

∫Xf

0

∫ Yf

Ys

∫ h(t;x,y)

0
T (t;x, y, z)dxdydz∫Xf

0

∫ Yf

Ys

∫ h(t;x,y)

0
dxdydz

, (1)

where tc is the cooling time, representing the time interval
between the hot sintered ore running at the tail of the sintering
bed and the cooled sintered ore sampled for testing. Yf is the
tail of the sintering bed. (Yf − Ys) represents the length of
the ore block used for sampling and testing. h(t;x, y) is the
height of the ore block at the coordination (x, y) at time t.

The term T (t;x, y, z) in (1) is related to melting tempera-
ture Tm, solid temperature Ts, gas temperature Tg and sinter-
ing bed permeability [27]. The term Tm is given according to
[28] as

Tm = 1380 + 21.22fAl2O3
+ 3.35fSiO2

− 1.8fflux, (2)

where fAl2O3
, fSiO2

, fflux are mass fractions of alumina,
silica and flux. Equation (2) shows that Tm varies with the
ratio of sintering raw materials. Furthermore, Tg and Ts during
sintering process is given based on LTNE model as follows
[13], [29],

ε · cp,gρg
∂Tg

∂τ
= ∇ · (λg∇Tg)−∇(cp,gρgTgν · ε)

+ hν(Ts − Tg) +R1∆H1 +

7∑
i=6

Ri∆Hi,

(1− ε) · csρb
∂Ts

∂τ
= ∇ · (λs,e∇Ts) + hν(Tg − Ts)

−R1∆H1 + qm +

5∑
i=2

Ri∆Hi,

(3)
where ε is porosity, hν is dynamic viscosity, and c is specific
heat coefficient under constant pressure. λ is the effective
thermal conductivity coefficient. qm is melting or solidifying
heat, and R is the chemical reaction rate. ∆H is the molecular
reaction heat, i(i = 1, 2, 3, 4, 5, 6, 7) represent the physical
and chemical reactions such as water transfer, coke burning,
limestone decomposition, magnetite oxidation, and hematite
reduction, respectively.

However, the parameters in (2) and (3) are hard to determine
in practical. Feasible substitutions are needed for practical
applications. According to [13], Ri∆Hi, fAl2O3

, fSiO2
, fflux

are related to the composition of sintering mixed materials.
Parameters ε and hν in (3) are related to sintering bed
permeability as [30],

Ap =
Q

A
(
∆h

∆p
)

3
5 , (4)

where Q is air volume, A is the bottom area, ∆h is the height
of the mixed materials, and ∆p is the pressure bellows. Then,
the TS can be given as

TS(t+ tf + tc) =

∫Xf

0

∫ Yf

Ys

∫ h(t, tf ;x,y)

0
g(·)dxdydz∫Xf

0

∫ Yf

Ys

∫ h(t, tf ;x,y)

0
dxdydz

, (5)
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where g(∆h,Q,∆p,M1, . . . ,Mn;x, t) = T (t+ tf ;x, y, z),
g(·) is a nonlinear function. ∆h(x; t), ∆Q(x; t) and ∆p(x; t)
are the height of mixed materials, the air volume, and the
pressure bellows at the head of the sintering bed with width x
at time t, respectively. M1(t), ...,Mn(t) are the composition
of mixed materials added at time t. Since t is when the
mixed materials are added at the head of the sintering bed,
the sintering time tf needs to be added when the batch of
mixed material moves to the tail of the sintering bed. For
application, we assume that the height of sintered ore at the
tail of the sintering bed is constant, and the sampling width
is small that the property of ore from (x, Ys) to (x, Yf ) keeps
invariant. Then, (5) can be simplified as

TS(t+ tf + tc) ≈

N∑
i=1

gi(∆hi, Qi,∆pi,M1, ...,Mn; t)∆X

N
,

(6)
where i = 1, 2, ...N represents each area along the width of
the sintering bed, and N represents the total number of areas.
Therefore, we can use N submodels to represent TS in each
area, considering material non-uniformity in the sintering bed.
Note that the submodels are independent of each other. The
function gi(·) is still unknown. The Ada-FFSVR algorithm is
then proposed for the data-driven model to learn the function
gi(·).

Remark 2. According to (6), we can obtain TS(t+ tf + tc)
based on gi(∆hi, Qi,∆pi,M1, ...,Mn; t). Thus, the TS value
can be monitored (predicted) in advance of tf + tc. The
current TS value can be obtained based on historical data
(∆hi, Qi,∆pi,M1, ...,Mn; t − tf − tc). We prefer the term
”prediction” when we use the current data to obtain the TS
value in advance.

B. Ada-FFSVR with Update Strategy

Consider a function gi(x) = ωiϕ(x) + b to fit the system,
where ϕ(·) is a nonlinear function mapping x from the original
state space into a higher feature space. Then, support vector
regression (SVR) is formulated according to [31] as

min
ωi,b

1

2
||ωi||2, (7a)

s.t. |yi − ωiϕ(xi)− b| ≤ ϵ, (7b)

where xi = (∆hi, Qi,∆pi,M1, ...,Mn; i), and yi is the actual
data obtained from the infrared image in DT with delay tf . ω
is the linear mapping, and ϵ is the error. By introducing slack
variables ξj and ξ∗j , (7) can be transformed into a quadratic
programming problem as

min
ωi,b

1

2
||ωi||2 + C

n∑
j=1

(ξj + ξ∗j ),

s.t.


yi − ωi · ϕ(xi) ≤ ϵ+ ξj ,
yi − ωi · ϕ(xi) ≥ ϵ+ ξ∗j ,
ξj ≥ 0,
ξ∗j ≥ 0.

(8)

where C is a regularization coefficient. By introducing the
Lagrangian dual multipulier αj , α∗

j , and the Gaussian kernel

function K(xj , x) in (8), and the function gi(x) can be
obtained [31].

g(x) =

n∑
j=1

(αj − α∗
j )K(xj , x) = Kα. (9)

where α is [α1 − α∗
1, α2 − α∗

2, . . . , αn − α∗
n]

⊤, and K
is [K(x1, x),K(x2, x), . . . ,K(xn, x)]. Different coefficient
α of each submodel represents the non-uniformity in the
sintering process. Note that the sintering process is a time-
varying system since the operation condition changes with
time. Consequently, the output value drastically changes. An
initial training procedure cannot meet the long-term accurate
prediction requirement. To avoid frequent offline retraining
procedure, the Ada-FFSVR algorithm is proposed for iterative
changing the support vector coefficient α by the forgetting
factor to obtain a more accurate data-driven model timely.
When (9) is trained with initial data x0, the initial output is y0.
The variable with the subscript t is its iterative version at time
t. The coefficient αt is updated during the data interaction by
the following procedure [32].

αt+1 = αt+
Lt+1K

⊤
t+1

1+Kt+1LtK⊤
t+1

et+1, (10)

where the subscript t represents the terms at time t, et+1 =
yt+1 − Kt+1αt, and Lt = (K⊤

t Kt)
−1. yt+1 is the actual

value at t+1 and Kt+1 is constructed based on input data at
t+ 1. To keep the term K⊤

t Kt being non-singular, it can be
ad hoc regularized by adding a small value diagonal matrix
[33]. The term Kt+1LtK

⊤
t+1 influences the estimation results,

because it is related to the new samples used in the data-
driven model. Furthermore, to alleviate the influence of the
old sample while increasing the variation caused by the new
data, a forgetting factor 1 ≥ γ > 0 is added to the Lt.

Lt+1 = Lt −
LtK

T
t+1Kt+1Lt

ε−1
t+1 +Kt+1LtK⊤

t+1

, (11)

where
εt+1=γt −

1− γt
ξt+1

. (12)

The forgetting factor γt is updated according to the new
samples matrix Kt+1 and the model output error et+1 as

γt+1 ={1 + (1 +ϖ)[ln(1 + ςt+1)

+

(
(κt+1 + 1) ζt+1

1 + ςt+1 + χt+1
− 1

)
ςt+1

1 + ςt+1
]}−1,

(13)

where χt+1 =
e2t+1

ζt+1
, ζt+1 = λt(ζt+

e2t+1

1+ξt+1
), κt+1=λt(νt+1)

and ςt+1 = Kt+1LtK
⊤
t+1. The term ϖ is a fixed number.

Initial values ζ and κ are between 0 and 1.
When the operation changes drastically, the accuracy of the

data-driven model decreases [24], [34]. In case of the iterative
update no longer guarantees the model accuracy, a retrain
strategy needs to be designed. The average error triggers the
retrain to keep the update procedure efficient. Specifically, the
average error ē is defined as

ē =

N∑
i=1

1

N
(gi(xi)− yi). (14)
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Algorithm 1: Ada-FFSVR algorithm for sub-model
Input: (∆hi, Qi,∆pi,M1, ...,Mn; i), yi obtained from

sintering field, parameters ϖ, ζ, κ and ϵ.
Output: The prediction gi(xi).

1 Use initial data set to train SVR and obtain K0α0;
2 t = 0;
3 Compute gi(x0) according to (9);
4 while true do
5 Construct Kt+1 based on t+ 1-th samples;
6 Obtain Lt+1 according to (11), (12) and (13);
7 Compute αt+1 according to (10);
8 Obtain gi(xt+1) according to (9);
9 Calculate ē according to (14);

10 if ē ≥ ϵ then
11 Select new sample to retain the SVR and

obtain Kt+1αt+1;
12 Compute gi(xt+1) according to (9);
13 end
14 t = t+ 1.
15 end

where gi(·) is the fitting function of the sub-model, xi is
the input data, and yi is the benchmark output. A threshold
ϵ > 0 triggers the update procedure. When ē ≥ ϵ, the
model is retrained with new data set. The new data set is
selected by substituting the samples whose errors are higher
than the threshold for the samples with the smallest value in
the Lagrange equation of (8).

The proposed algorithm does not need a frequent retrain
procedure because of its iteration design of a threshold. This
gurantees the stability of the DT system when the model
update. The number of training samples of the algorithm is
always the same in this study, and the size of the matrix
of the model keeps unchanged, which helps keep a low
computational cost. The Algorithm of Ada-FFSVR with a
retraining strategy is shown in Algorithm 1.

C. Delay Estimation and Data Enrichment

According to (9) and (10), matrix K is constructed based
on data sampled from the sintering process. Since the system
delay is in the process, the same time-tagged data may not
correctly match the model sequence. Moreover, the delay is
unknown. To construct a suitbale dataset, the delays between
the samples need to be estimated and eliminated.

The main idea for time delay analysis is to analyze the
correlation of two sequences of variables under different time
lags. Mutual information (MI) is an effective tool to analyze
the correlation between two variables [35]. When the MI
between the two sequences reaches the maximum at a certain
time lag, the two variables have the strongest correlation at
this time lag, and then it is a specific time delay between the
two variables [24].

Suppose there are two time series of variables, xn
i =

{xi, xi+1, ..., xi+n}, yni = {yi, yi+1, ..., yi+n} represent n
observation sample sequence of X and Y at i-th time, respec-
tively. A finite set of ordered pairs of X and Y under time lag

k is Dn
i,k = {(xi, yi+k), (xi+1, yi+1+k), ..., (xi+n, yi+n+k)}.

Given a grid G which partitions the x-values of D0
i,k ∈ R2

into x bins and y-values of D0
i,k into y bins. The estimation

of MI between two variables with a delay of k is given as:

Lemma 1. The Maximal Information Coefficient (MIC) of
D0

i,k with sample size n and grid size less than B(n) is given
as [36]

M(D0
i,k) = max

xy<B(n)
{
max I(D0

i,k |G )

logmin{x, y}
}, (15)

where D0
i,k |G is the distribution induced by the points in D0

i,k

on the cells of G. The term I(D0
i,k |G ) denotes the MI of

D0
i,k |G . ω(1) < B(n) ≤ O(n1−ε), 0 < ε < 1.

Then, to identify the time delay between X and Y , the
sliding window method [24] is adopted. The time delay τ
between X and Y can be obtained according to

argmax
τ

{M(Dn
i,τ )},

s.t. τ ∈ Z.
(16)

When τ is the time delay between X and Y ,
the MIC of Dn

i,τ is the largest term among
{M(Dn

i,0),M(Dn
i,1), . . . ,M(Dn

i,k)}, k ∈ Z. The sign of
τ provides the direction of the time delay between variables
X and Y . If τ is positive, the direction of the delay is from
variable Y to X , i.e., X lags behind Y . When τ is negative,
the direction is from variable X to variable Y , i.e., Y lags
behind X .

Remark 3. In practice, the sampling frequencies of variables
are sometimes inconsistent. For example, the sampling period
of the height of mixed materials is one minute, and that of TS
is eight hours. The difference in sampling frequencies makes
the time delay cannot be analyzed directly by the proposed
method since the data densities are not the same. Therefore,
frequency matching of the two variables is required. To unify
the frequency, the data with high frequency is re-sampled
under the low frequency. This way, the sample data sets of
two variables are the same size, and the time delay can be
analyzed based on the proposed method.

The sequence of variables is adjusted according to time
delay τ , which is identified based on (16). Define x̃n

i , ỹni as
the adjusted variables for xn

i , yni , respectively. The sequences
of variables are displaced to be stacked as

x̃n
i = {xi, xi+1, . . . , xi+n},

ỹni = {yi+τ , yi+1+τ , . . . , yi+n+τ}.
(17)

Since the actual value of TS cannot be obtained every
minute to examine whether the update should be triggered, the
intermedia variable is introduced into the data-driven model as
the learning algorithm output. Motivated by existing studies
on the relationship between burning temperature field and TS
[27]–[29], we introduce the data based on the infrared image
of the sintering bed tail section and sinter pot test results,
to enrich the actual value, so that the update procedure is
efficient.
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(a) Infrered image

(b) Temperature distribution

Fig. 4. Infrared image and temperature distribution at the sintering bed tail

The infrared images show the combustion pattern of the
sintered ore at the sintering bed tail section. The TS is related
to the thickness of the red layer, i.e., the ore whose temperature
is above 1000◦C. Then, the sinter pot test results connect
the sinter quality and the thickness of the red layer. Fig.4
shows the infrared images and the temperature distribution
of the materials on the x − z plane in (6). Fig.4 (a) is the
infrared image with a resolution of 640×480 collected by
infrared camera, and Fig.4 (b) is the temperature distribution
of materials on the the x − z plane in (6). The thickness
of the red layer can be easily obtained from the infrared
image. The sinter pot tests are conducted to obtain the right
formula, to regress the relationship between thickness and
TS [15]. The temperature in the sinter pot can be directly
obtained through 5 thermocouples, and then the TS of the
sintered ore is obtained by manual detection. Fig.5 (a) shows
the temperature fluctuations of a sinter pot test, and Fig.5 (b)
shows the temperature field changing in the sinter pot and the
demonstration of the red layer. Based on sinter pot tests, the
fitting formula is obtained as [15]:

θ = 16.8891 ln(ϑ)− 17.6491, (18)

where θ represents the thickness of the red layer (mm), ϑ
represents the TS (%).

So far, the TS data-driven model has been established. First,
through the data of input variables collected by the sensors in
each area of the sintering bed along the width, monitoring
(prediction) of the thickness of the red layer is obtained based
on Ada-FFSVR with an update strategy. The average output
of the submodels is used for a further calculation, which
corresponds to the integration in (6). Then, the value of the TS
can be calculated according to the fitting formula between the
thickness of the red layer and the TS obtained by the sinter
pot test. Finally, we get TS in (6) by averaging the results.
Considering the uneven distribution of mixed materials in the
model scheme, the data-driven model is accurate and practical
for applications. Ada-FFSVR, with an update strategy, further

(a) Temperature distribution in a sinter pot

(b) Thermocouple temperature in the sinter pot

Fig. 5. Temperature distribution in the sinter Pot

considers the time-varying characteristics of the sintering
process. The proposed data-driven model scheme combines the
sintering mechanism and the learning methods, which endows
the potential to increase the model accuracy.

IV. IMPLENMENTATION AND VERIFICATION

To realize the practical application of the online TS mon-
itoring (prediction), we design the sintering DT system and
implenment the proposed model in the system. The services
can be developed based on the platform and provide informa-
tion for sintered ore production and management, including
TS value prediction. There are two requirements for the DT
platform:

• The DT platform needs to provide an operating and
management environment for the models. The appropri-
ate technical architecture and implementation methods
should be proposed for the model construction method-
ology and specific operational requirements.

• Based on the DT platform and the models, components
that provide services for the DT system need to be
constructed to constitute the DT system. Specifically,
sintering TS prediction components based on DT data-
driven model are developed for the application.

A. DT platform for Sintering

The implementation of the DT system relies on numerous
models, which further form DT service components and pro-
vide services for the DT system through model integration
and data interaction. The operation and management of the
models depend on a unified platform called the DT platform.
The relationship between the DT-related modules is illustrated
in Fig.6.

Since the models are constructed independently from each
other and provide at least one service for the DT system,
the model construction method coincides with the idea of
micro-services. Micro-services are different from monolithic
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TABLE I
LIST OF VARIABLES USED FOR THE DATA-DRIVEN MODEL

NO. Variables Positions of Measure points Role in the Data-driven Model Sampling Interval

1 The height of mixed materials
(6 measure points)

Evenly distributed at
the head of the sintering bed

Input
one minute

2 The air volume of the bellow
(2 measure points)

Distributed at two sides of
the head of the sintering bed

3 The air pressure of the bellow
(2 measure points)

Distributed at two sides of
the head of the sintering bed

4 The weight of raw material
(17 measure points)

Located at each raw material storage
(including ore, coke, flux, etc.)

5 The thickness of red layer
(6 processed points from image)

Images from the tail of
the sintering bed Intermediate output

6 TS value
(one measure point)

Located at sintered ore storage
away from the sintering bed Output eight hours

Fig. 6. The relationship between DT modules

applications. The latter is to develop and deploy all application
functions together. Although the architecture of monolithic
applications has been optimized in load balancing, it still owes
problems such as poor fault tolerance, low scalability, and rare
development collaboration [37]. Also, micro-services divide an
application into several small service modules. Each service is
deployed independently and runs independently in its process
[37]. The services communicate, coordinate, and cooperate
through lightweight communication protocols. Therefore, it is
reasonable to build the DT platform for sintering based on
the micro-service architecture. We use Harbor to store Docker
images and Rancher to implement the Kubernetes function and
manage images to construct a DT platform [38]–[40].

B. Application of TS Prediction

To verify the proposed TS data-driven model, the DT
platform is established with a TS prediction service for a
360m2 sintering bed in Guangxi, China. Verification is applied
to the TS model to evaluate its performance in TS prediction.
To illustrate the results and comparisons, four services are con-
structed for visualization in the front-end website. Specifically,
the online TS prediction micro-service is the core module
of the quality prediction service. The online TS prediction
micro-service uses the latest real-time data to predict the

Fig. 7. Logic diagram of TS prediction service

TS and writes the prediction value to the database. At the
same time, the query service queries the latest prediction
values in nearly two hours from the database and displays
the prediction information to users in time. Furthermore, to
show the prediction accuracy to users, when the actual value
is updated, the prediction accuracy calculates the micro-service
calculates the relative error between the prediction value and
the actual value. The prediction value and actual value of the
past week are displayed to the user for comparison through the
prediction result comparison micro-service. The service logic
diagram of sintering TS prediction is shown in Fig.7.

1) Result in TS Prediction: In this part, the data-driven
model is established and used to monitor (predict) long-term
TS value. A total of 1,305,600 samples in 38,400 sample sets
from approximately 27 days of data are used to train, update
and test the model. It should be noted that the actual TS value
is sampled three times a day, and we select 80 samples of
the actual TS value to show the prediction error of the data-
driven model. Table I. shows the variables used for the data-
driven model. The initial data-driven model uses the first 300
sets of samples for training, and a 5-fold cross-validation grid
searching optimizes parameters. Then, we select the initial
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Fig. 8. Long-term prediction of TS value for about 27 days

Fig. 9. Long-term prediction error of TS value for about 27 days

parameter γ0 = 0.1, ζ0 = 1, κ0 = 0.1, ϖ = 20 in
Ada-FFSVR, and ϵ = 0.01 in the update procedure. Fig.
8 shows the long-term prediction of TS value based on the
proposed data-driven model and DT platform. Fig. 9 shows
the prediction relative error of TS value. The results show that
the proposed data-driven model is effective, and 98.75% of the
prediction values has a relative error below 1%. Statistical
results, namely root mean square error (RMSE), mean relative
error (MRE), normalized mean square error (NMSE), and
Pearson correlation coefficient (R), were used to evaluate the
accuracy of the model. The values of error parameters are

TABLE II
STATISTICAL RESULTS OF TS PREDICTION BASED ON DIFFERENT

METHODS

Method
in [16]

Method
in [17]

Method
in [15]

Our
method

RMSE (%) 0.74 - 0.48 0.37
MRE (%) 0.74 < 3.50 0.51 0.40
NMSE - 0.34 - 2.30× 10−5

R 0.84 0.81 - 0.91

Update
frequency1 - - - 3.39× 10−2

The longest
computing time (s)2 - - - 23.58

1 The update frequency is the ratio of the total update times and the
number of sample sets.

2 The longest computing time used for the retraining.

Fig. 10. Long-term workload of online TS prediction micro-service

calculated as follows:

RMSE =

√√√√ 1

m

m∑
i=1

(yi − ŷi)2,

MRE =
1

m

m∑
i=1

|yi − ŷi|
yi

,

NMSE =

∑m
i=1(yi − ŷi)

2∑m
i=1 y

2
i

,

R =

∑m
i=1(yi − ȳ)(ŷi − ¯̂y)√∑m

i=1(yi − ȳ)
√∑m

i=1(ŷi − ¯̂y)
,

where yi, ŷi, ȳ and ¯̂y are the actual value, the predicted value,
the average actual value and the average of predicted value,
respectively. The term m is the size of the sample set. Table. II
shows the statistical results, the number of update times, and
the longest update computing time of the proposed data-driven
model. As a comparison, the results in [15]–[17] are also
shown in Table II. RMSE, MRE, and NMSE of the prediction
based on the proposed method are smaller than those based
on the methods in the literature. The term R of the prediction
based on the proposed method is also larger compared to
these methods. The statistical results show that the proposed
data-driven model is more accurate and effective. Regarding
model prediction accuracy, 98.75% of the prediction results
based on the proposed method are within 1% of the relative
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Fig. 11. Front-end website of TS prediction service in DT

error, and the maximum relative error is only 1.23%, which
satisfies the requirement of the practical application. The
update frequency is 3.39 × 10−2, which illustrates that the
data-driven model updates occasionally. The average update
interval is about 30 min. The longest computing time of the
update is 23.58s, which is smaller than the sampling interval
(i.e., one min). Therefore, the proposed data-driven model can
timely predict accurate results and meet the actual industry
operation requirements.

2) Result in TS Prediction Service: The online prediction
micro-service is established based on the proposed data-driven
model. The prediction accuracy micro-service, the comparison
micro-service, and the results query micro-service are con-
structed to illustrate the prediction results (see Fig. 7). The
online prediction micro-service consumes the immense work-
load on CPU, network, and memory among the constructed
micro-services since it continuously predicts the TS results
and automatically updates the model.

Fig. 10 shows the workload of prediction micro-service in
99 days. The network I/O, memory, and CPU workloads of
the online TS prediction micro-service keep stable for a long
time, which shows that 1) the proposed data-driven model
is light-weighted and efficient; 2) the proposed architecture

Fig. 12. Operators use TS prediction and DT platform

of the DT platform effectively manages the micro-services
without breakdowns in a long-term operation. The maximum
relative standard variance of the workload is 7.82 %, which
shows the efficiency of the proposed platform. The stability
of the operation is critical for industry operation and the DT
platform. The breakdown of a DT micro-service could lead
to system-level failure since the micro-service is essential and
provides basic data for other services.

Fig. 11 and Fig. 12 show the application of TS prediction
and DT platform onsite. The DT platform provides information
about the TS and sintering quality for the operators onsite (see
Fig. 12). Fig. 11 is the shot cut of the front-end website of the
TS prediction service. We showed the north-side, the south-
side and the mean predictions on the screen. The prediction
results, accuracy, and comparisons are shown on the right side
of the front-end website, which is powered by micro-services.
The left side of the website shows a picture of the sintering
site. The middle of the website shows the fault diagnosis
results, which is beyond the scope of this paper.

V. CONCLUSION

This paper developed a multi-submodel data-driven TS
model for the sintering DT system with data interaction. The
modeling includes multi submodel scheme, TS model mech-
anism analysis, and Ada-FFSVR algorithm with an update
strategy to deal with non-uniformity material and time-varying
characteristic in the sintering process. We also introduced a
system-delay-estimation-based data set modification and an
infrared image-based data enrichment procedure to deal with
incomplete and insufficient data for constructing a data-driven
TS model. A concrete systematic solution for implementing
and applying TS value monitoring in the DT platform is
given to illustrate the detailed development procedure. A three-
month operation for a sintering bed in Guangxi, China, is
performed to show the efficiency of the data-driven TS model.
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Despite the advantages of the proposed method demon-
strated above, it also has some limitations that need to be
studied in future research. 1) The TS value is given based on
the fitting formula. In general, the sintering material used for
sintered ore production is stable for long term in practice. The
fitting formula can cover the long-term operation condition.
When the material changes drastically, it requires an update
mechanism for the formula. 2) The proposed method aims
to build a stable and accurate model, which is the basis for a
stable DT system. The stability and efficiency of the entire DT
system depend on stable and accurate models and a systematic
scheduling strategy for workload balancing. In conclusion, a
systematic scheduling strategy for the DT system to keep the
functional operation is another interested problem to be studied
in the future.
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[32] J. Mendes, R. Araújo, and F. Souza, “Adaptive fuzzy identification
and predictive control for industrial processes,” Expert Systems with
Applications, vol. 40, no. 17, pp. 6964–6975, 2013.
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