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Article
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Abstract: With the increasing awareness of environmental protection, the rotary hearth furnace system has

emerged as a key technology that facilitates a win-win situation for both environmental protection and enterprise

economic benefits. This is attributed to its high flexibility in raw material utilization, capability of directly

supplying blast furnaces, low energy consumption, and high Zinc removal rate. However, the complexity of the

raw material proportioning process, coupled with its reliance on manual labor, results in a time-consuming and

inefficient process. This paper innovatively introduces an intelligent formula method of raw materials based

on online clustering algorithms, and develops an intelligent batching system for rotary hearth furnaces. Firstly,

the ingredients of raw materials undergo data preprocessing, which involves using the Local Outlier Factor

(LOF) method to detect any abnormal values, using Kalman filtering to smooth the data, and performing one-hot

encoding to represent the different kinds of raw materials. Afterwards, the affinity propagation (AP) clustering

method is used to evaluate past data on the ingredients of raw materials and their ratios. This analysis aims to

extract information based on human experience with ratios and create a library of machine learning formulas.

The incremental AP clustering algorithm is utilized to learn new ratio data and continuously update the machine

learning formula library. To ensure that the formula meets the actual production performance requirements of the

rotary hearth furnace, the machine learning formula is fine-tuned based on expert experience. The integration of

machine learning and expert experience has demonstrated good flexibility and satisfactory performance in the

practical application of intelligent formulas for rotary hearth furnaces. An intelligent batching system is developed

and executed at a steel plant in China. It shows an excellent user interface and has significantly enhanced batching

efficiency and product quality.

Keywords: intelligent formula of raw materials; rotary hearth furnace; online clustering algorithm; intelligent

optimization system

1. Introduction

The metallurgical dust and sludge generated during the steel smelting process account for
approximately 5% -10% of the crude steel production [1]. The Iron content in these dust and mud
is generally between 30% and 60%, and they contain valuable metals such as Calcium, Magnesium,
and Zinc, which have high recovery value [2]. Rotary hearth furnace technology has the advantages
of high output, low energy consumption, stable product quality and no specific requirements for
raw materials. It also shows excellent performance in Zinc removal efficiency and environmental
protection, and has been widely recognized in the metallurgical industry [3].

In the rotary hearth furnace system, batching is a crucial preliminary process, which is the basis
to ensure product quality. As the ratio of raw materials is directly related to the efficiency of resource
conversion, affects the type, concentration and quantity of emissions, and has a critical impact on the
subsequent production process, it is necessary to accurately consider the ratio of various raw materials
in the batching process. Therefore, optimizing the ratio of raw materials is the key to enhance the
efficiency of the rotary hearth furnace system and improve the environmental performance.

Raw material batching is the mixing of various dust materials such as Electric Furnace Ash and
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blast furnace ash in a certain proportion, preparing for a series of subsequent processes such as ball
forming and reduction reaction [4]. In many steel plants, the formula plans are manually calculated
by engineers based on their long-term experience and professional knowledge accumulated in the
frontline work [5–7].

The program for preparing production plans is as follows: (1) Experts in the relevant field use
Excel files to complete calculations; (2) A group of two or three experts in the relevant field discuss
and revise the plan; (3) The expert group produces the final production plan. However, the results
have some errors, so they must solve it by using trial and error method, and go through a long process
to obtain a feasible solution. In this process, experts need to consider not only the capacity limit of the
warehouse and the type of materials, but also the uncertainty factors such as the difference of element
content in the same material. Trial and error method cannot comprehensively consider all relevant
factors and takes a long time [8–10].

As the rotary hearth furnace is a new industry, the raw material proportioning method has not
yet found a similar mature and referential case. Experience and methods can be learned from relevant
raw material proportioning fields, such as the optimization of copper strip loading process, Zircon
brick raw material proportioning, raw coal proportioning, blast furnace production proportioning
optimization, ore proportioning and other fields, to try to solve the problem of optimal proportioning
of rotary hearth furnace raw materials. For example, Zhang et al. [11] proposed a Hybrid Multi
objective Artificial Bee Colony Algorithm for the batching process of copper strip production. By
normalizing the sum of target values and selecting the corresponding dominant sorting method
based on diversity, the smelting process element proportioning scheme of copper strip was achieved.
However, its adaptability was insufficient, convergence speed was slow, and algorithm complexity
was high. To achieve greater precision and efficiency in determining the optimal raw material ratio
for Zircon bricks, Liang et al. [12] employed machine learning (SVM) to develop a model correlating
Zircon brick density with raw material ratio. Subsequently, they utilized an adaptive particle swarm
optimization algorithm to refine the model and derive the best possible raw material ratio.

As for the raw coal blending, Lei et al. [13] introduced an optimization method based on interval
programming. By utilizing interval numbers to depict the variability ranges of ash and sulfur content
across different density levels of raw coal, they developed a prediction model for the quantity and
quality of dense medium cyclone separator products and established a Mixed Integer Nonlinear
Programming model.

For the blast furnace, the prevailing approach involves modeling blast furnace ironmaking based
on the principles of ironmaking and material balance. Cui and Chen [14] enhanced the genetic
algorithm and penalty function via leveraging the principles of blast furnace ironmaking and material
balance, and developed an intelligent optimization system for the burden structure across the entire
sintering and blast furnace ironmaking process.Spengler et al. [15] proposed an inheritance model
for optimizing raw material ratios, aimed at solving the production cost problem of raw materials in
blast furnaces. Zhai et al. [16] employed the GA-SVR method to identify the five most informative
features for fuel ratio adjustment during blast furnace ironmaking, enabling operators to proactively
adjust input parameters. Zhang et al. [17] introduced a multi-role decision support system designed to
address ingredient economic optimization by establishing databases, model libraries, and knowledge
bases. Hua et al. [18] developed an optimization model for blast furnace ironmaking aiming at
minimizing production costs and CO2 emissions. The model was subsequently solved using the
Non-dominated Sorting Genetic Algorithm II (NSGA-II) to derive the optimal solution.

Wu et al. [19] proposed an intelligent integrated batching optimization system for the field of ore
batching. By understanding the chemical and physical properties of batching, the requirements for
batching were determined. Firstly, an optimized proportioning scheme was established, and then a
cascaded integrated quality prediction model was designed. The model feedbacked the prediction
indicators to the optimized proportioning scheme, thereby determining the optimal proportioning
scheme. However, these studies still require human involvement and cannot be updated online or
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have not been truly implemented.
As a new industry, raw material composition for rotary hearth furnace is complex and frequently

changes, so the batching process is more complex. As far as we know, rotary hearth furnace intelligent
batching system is rarely involved in the world. In this study, an intelligent batching system with self-
learning ability for rotary hearth furnaces is proposed, which consists of four parts: data preprocessing,
AP offline formula learning, AP online formula updating, and expert experience-based formula fine
adiustment.

• In the first part, outliers of the ingredient composition in historical ratio data are found via
the local factor algorithm [20], and measurement noise is filtered by Kalman filtering [21]; the
one-hot method [22] encodes the types of raw materials to form a data set with the content of
raw material ingredients and ratio of raw materials.

• In the second part, AP clustering analysis is used to get many clustering groups from the above
data sets and generate a machine learning formula library. Each cluster group represents a
type of raw material composition characteristics, which corresponds to a type of ratio. Through
unsupervised machine learning of historical data, valuable human formula experience is mined.

• In the third part, the incremental AP clustering algorithm is used to update clustering groups
during the continuous operation of the system and consequently update the machine learning
formula library. On the basis of the existing cluster grouping, if the new formula data is similar to
a cluster, it belongs to this cluster grouping; If the new formula data is not similar to all existing
clustering groups, a new clustering group will be created. This method effectively inherits the
previous clustering results and realizes the dynamic update of formula data.

• In the fourth part, learning from experts’ experience, the formula generated by machine learning
is finely adjusted to make the mixture of raw materials meet the requirements in C, Zn, Cl and
C/O performance. The reason is that the machine learning formula learns human experience
formula, while the human experience formula does not fully consider the requirements of rotary
hearth furnace for C, Zn, Cl and C/O performance.

The developed intelligent batching system has good interactivity and a friendly user interface.
Users can easily modify configuration parameters to meet different needs and conditions.

The remaining part of this paper is organized as follows. In Section 2, the different types of raw
materials and their elements in the rotary hearth furnace batching system are mainly introduced. Sec-
tion 3 provides a detailed introduction to the intelligent batching approach based on online clustering.
Section 4 mainly introduces an application example of a rotary hearth furnace system. The conclusion
is given in Section 5.

2. Types of Raw Materials and Its Element Analysis

When designing and optimizing the batching system of the rotary hearth furnace, it is necessary
to comprehensively consider the load capacity of the production equipment, and at the same time, it is
necessary to conduct a comprehensive analysis based on the actual situation on site and the limiting
conditions of element content in the batching. Taking a steel plant in China as an example, the data
analysis of its batching process mainly involves two core aspects: the types of raw materials involved
and the types of elements contained in these raw materials.

It includes six different types of raw materials, as shown in the Table 1. x1 is Environmental Ash,
mainly derived from raw materials dispersed during system operation. x2 is Coke Dry Quenching
Dust (CDQ). Its main component is "C" element, and its element content is as high as 84.4%. x3 is
the Ash from the Iron casting plant, with C content of about 5% and Zn content of about 0.1%. x4 is
Cold-rolled Mud, with C content of about 3%, Cl content of about 0.3%, and Zn content of about 14%.
x5 is Secondary Ash of Blast Furnace, with C content of about 16%, Zn content of about 2.4%, and Cl
content of about 5%. x6 is Mixed Ash, which is composed of Electric Furnace Ash, LT ash, OG sludge,
etc. The electric furnace ash is produced from the dust removal ash of the electric furnace smelting in
the steel plant, while OG sludge and LT ash are both produced from the converter steelmaking process
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in the steel plant. OG sludge is the sludge produced by the converter gas wet recovery system, and LT
ash is the dry dust removal ash of the converter. The C content in Electric Furnace Ash is generally
around 1.7%, Zn content is around 7.9%, Cl content is around 0.6%. C content in LT ash is generally
around 2%, Zn content is generally around 4%; C content in OG mud is generally around 2%, and Zn
content is generally around 3%. In addition, during the operation of the rotary hearth furnace, due to
the mixing, ball pressing, screening, high temperature treatment and other processes of raw materials,
a certain quantity of returned materials may be generated due to ball fracture, equipment performance
and other reasons. The return material FMQ is a mixture of various raw materials. The content of each
element in the returned material and x1 are approximately considered as the average of various raw
material components.

Considering the production process requirements, special attention needs to be paid to the
elemental content of C, Zn, and Cl in the mixture, as well as the C/O ratio. The content and proportion
of these elements in the formula may have a significant impact on the performance and quality of the
final product. Therefore, when constructing a formula optimization model, it is necessary to ensure
accurate monitoring and control of the content of these elements to meet process requirements and
achieve optimal production results.

Table 1. Raw material types.

Number x1 x2 x3

Raw material Environmental Ash CDQ Ash from the Iron casting plant
Number x4 x5 x6

Raw material Cold-rolled Mud Secondary Ash of Blast Furnace Mixed Ash

3. Online Clustering Based Intelligent Batching Method

In this section, we propose a raw material proportioning method for rotary hearth furnaces based
on online clustering algorithms. The structure of the proposed online clustering proportioning method
is shown in Figure 1. First, we use the LOF algorithm and Kalman filtering algorithm to process the
historical data of raw material components. Next, the principle of AP clustering algorithm is described
in detail, and it is used for offline learning of preprocessed data to generate machine learning formula
library. Then, the online AP clustering algorithm is used to effectively cluster the current data and
historical data, so as to update the machine learning formula library. According to the current raw
material composition, a preliminary formula is recommended based on the updated the machine
learning formula library. Finally, using expert experience-based formula fine-tuning module, the
preliminary formula is adjusted to ensure that the final formula meets the performance requirements
of the rotary hearth furnace.
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Figure 1. Overall workflow of intelligent batching system.

3.1. Data Preprocessing

During the continuous operation of the rotary hearth furnace system, some new data are gen-
erated. These data mainly include the ratio and it’s corresponding content of raw materials. The
elemental composition of these raw material mainly includes Carbon (C), Zinc (Zn), and Iron (Fe). Iron
oxide (FeO) is the most concerned material component. The differences in the sources of raw materials
may lead to differences in the composition content, for example, Iron ore from different regions or
suppliers may contain different impurities or element contents. In addition, seasonal fluctuations, such
as weather changes, may also affect the composition of raw materials, as they may affect the humidity
and temperature during mining or transportation, thereby affecting the properties of raw materials.
Furthermore, laboratory errors may also cause data fluctuations, as different laboratories or testing
methods may yield different measurement results. In view of these factors, it is particularly important
to process the raw material composition data.
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Firstly, the element content data of the raw material components is preprocessed. Local outlier
factor (LOF) algorithm is used to identify outliers, and linear interpolation method is used to complete
the missing value. Kalman filtering technology is employed to filter out measurement noise. Addition-
ally, it is necessary to remove inferior formulas from historical data.

In order to facilitate readers’ understanding of the effectiveness of LOF outlier detection, we
take three elements (C, Fe, Zn) in the secondary ash of the blast furnace as an example to visualize
the detection results, as shown in Figure 2, where the circular data represents normal data and the
pentagonal represents the anomaly values detected by the algorithm.

Figure 2. Schematic diagram for detecting abnormal LOF values in secondary ash of blast furnace.

In order to demonstrate the effectiveness of filtering algorithms in data preprocessing, we take the
C element in blast furnace secondary ash as an example, as shown in Figure 3. From Figure 3, it can be
seen that the filtering algorithm can greatly alleviate the steepness of the data, making it smoother.

Figure 3. Schematic diagram of C element filtering in secondary ash of blast furnace.

In industrial environments, If the raw material proportioning scheme can be used for more than h
(h>0) hours, it is considered an excellent scheme, and vice versa. In addition, the sum of the percentage
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of raw materials (excluding Environmental Ash) must meet the condition in Equation (2), otherwise it
is also considered an inferior formula and should be removed.

FMQ + IMQ + OMQ = TMQ (1)

6

∑
i=2

wi = 100 (2)

wFMQ + wIMQ + wOMQ = 100 (3)

where FMQ represents the return material quantity; IMQ represents the total quantity of raw materi-
als, exclusive of Environmental Ash; OMQ stands for the Environmental Ash raw material quantity;
TMQ indicates the total set material quantity; wi represents the material percentage of xi in IMQ;
wFMQ denotes the material percentage of FMQ in TMQ; wIMQ indicates the material percentage of
IMQ in TMQ, and wOMQ represents the material percentage of OMQ in TMQ.

After data preprocessing, a dataset Set about [x1, x2, x3, x4, x5, x6, C, Cl, Zn, Fe, FeO] is constructed
that includes information on ratio and ingredient content, where, x1, x2, x3, x4, x5, x6 are the corre-
sponding proportions of the mixture xi; C is a row vector, specifically represented as C=[c1, c2, c3, c4,
c5, c6], ci is the element content of C in the material; Cl is a row vector, specifically represented as
Cl=[cl1, cl2, cl3, cl4, cl5, cl6], cli is the content of Cl element in material xi; Zn is a row vector, specifi-
cally represented as Zn = [zn1, zn2, zn3, zn4, zn5, zn6], zni is the element content of Zn in material xi;
i = 1, 2, 3, 4, 5, 6.

3.2. AP Offline Formula Learning

Historical data hides the valuable operational wisdom of engineers. By using the AP clustering
algorithm, we can extract empirical knowledge of human formulas from these historical data.

The basic idea of the AP clustering algorithm is to treat the element content corresponding to N
historical ratio data as nodes in the network, and then calculate the clustering centers of each sample
through the message passing of each edge in the network. During the clustering process, there are
two types of messages passing between nodes, namely attractiveness r(i, k) and belonging a(i, k).
R = [r(i, k)]N×N is the attractiveness matrix, and A = [a(i, k)]N×N is the belonging matrix. The AP
clustering algorithm continuously updates the attractiveness and membership values of each point
through an iterative process until m high-quality cluster centers (Exemplar) are generated, where
m ∈ N. At the same time, the remaining ratios are assigned to the corresponding clusters, and R and
A can be obtained.

The iterative equations for attractiveness and belonging are as follows:

rt+1(i, k) =


s(i, k)− max

j ̸=k
{at(i, j) + rt(i, j)}, i ̸= k

s(i, k)− max
j ̸=k

{S(i, j)}, i = k
(4)

at+1(i, k) =


min

{
0, rt+1(k, k) + ∑

j ̸=i,k
max{rt+1(j, k), 0}

}
i ̸= k

∑
j ̸=k

max{rt+1(j, k), 0}, j = k
(5)

where r(i, j) is the degree of attraction, which is used to describe the suitability of the element content
of ratio j as the clustering center of the element content of ratio i, a(i, j) is is the attribution degree,
which is used to describe the appropriate degree of selecting the element content of ratio j as its
clustering center of the element content of ratio i, s(i, k) is the similarity, which represents the ability of
the element content of ratio k to serve as the clustering center for the element content of ratio i.
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Generally, negative Euclidean distance is used, so the larger the s(i, k), the closer the two points
are. In order to avoid oscillations during the iteration process, a soft update strategy is adopted, and
the update equations are as follows:{

rt+1(i, k) = λ ∗ rt(i, k) + (1 − λ) ∗ rt+1(i, k)

at+1(i, k) = λ ∗ at(i, k) + (1 − λ) ∗ at+1(i, k)
(6)

where λ is the parameter damping factor, λ ∈ (0, 1), and the damping factor is generally taken as 0.5.
After the AP offline formula learning is completed, the formula data can be divided into n clusters

based on the mapping of ingredient content to the ratio data. The centers of the clusters are denoted as
(K1, K2, K3, . . . , Kn), where n ∈ [1, N]. The system will record the key information of these clusters,
including cluster centers, similarity matrices, and attraction matrices. These pieces of information form
the foundation of the machine learning formula library, providing basis for optimizing and adjusting
future formulas.

3.3. AP Online Formula Updating

In practical rotary hearth furnace systems, data is constantly updated. To tackle these issues
related to data updates, there are primarily two operations: re-clustering and incremental clustering.
During the continuous operation of the rotary hearth furnace system, the data is increasing, so the
amount of data is huge. The cost of re-clustering is huge, which will lead to time-consuming and
inefficient calculation. On the contrary, incremental clustering can solve the above problems.

In this study, the incremental AP clustering [23] is realized by using the affinity propagation
clustering combined with the nearest neighbor technology. The nearest neighbor is to establish a
connection between the newly added formula data and the existing clustered data sets.

Nearest neighbor techniques mean that the informational content of newly added formula data is
configured based on its closest formulas. The strategy is based on the following consideration: if two
formulas have similar compositions, their ratios are similar, implying that the data formulas should
belong to the same class with identical information. If the newly added formula data does not resemble
any of the known clustered groups, a new clustering group will be created.

Given an Nt−1 × Nt−1 dimensional dataset, where the similarity matrix is St−1, and the corre-
sponding matrices for membership and attractiveness are Rt−1 and At−1 respectively, the membership
and attractiveness values for the newly added formula are expanded according to Equation (7).

rt(i, j) =


rt−1(i, j), i ≤ Nt−1, j ≤ Nt−1

rt−1(i′, j), i > Nt−1, j ≤ Nt−1

rt−1(i, j′), i ≤ Nt−1, j > Nt−1

0, i > Nt−1, j > Nt−1

(7)

The above Nt−1 represents the initial number of formulas, where i′=arg maxi,i′≤Mn{s(i, i′)}, and
similar memberships are expanded according to Equation (8).

at(i, j) =


at−1(i, j), i ≤ Nt−1, j ≤ Nt−1

at−1(i′, j), i > Nt−1, j ≤ Nt−1

at−1(i, j′), i ≤ Nt−1, j > Nt−1

0, i > Nt−1, j > Nt−1

(8)

Using the AP online formula learning, the element contents in the current formula data and
the historical formula data will be clustered to form n1 clusters. The centers of the clusters are then
re-recorded as (c1

′
, c2

′
, c3

′
, . . . , cn

′
1), where n1 ∈ [1, N], The system will store information about these

clusters, including the cluster center, similarity matrix, and attraction matrix, to construct a machine
learning formula library. In machine learning formula library, the recommended formula will be the
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one corresponding to the cluster center of the current formula data cluster.
To facilitate readers’ better understanding, Figure 4 shows the process of online AP clustering,

where each small circle in the figure represents a formula data point; the gray lines identify the formula
data belonging to the same cluster, while the solid circles represent the cluster center of the cluster. The
leftmost side of Figure 4 shows several clusters formed after offline learning using the AP clustering
algorithm. The middle figure shows the latest formula data collected at time t, represented by red
circles. If these new data are similar to a certain cluster, they will be classified into this cluster, and
the red solid circle represents the newly formed cluster center. If the current formula is not a new
cluster center, the formula corresponding to the cluster center of its cluster will be recommended; if
the current formula is exactly the cluster center, the formula itself is recommended. The rightmost
figure shows the updated results after the online learning process of the AP clustering algorithm at
time t + T. It is observed that if the newly introduced data has a large difference from the existing data,
a new cluster will be formed. At this time, the formula corresponding to the cluster center of the newly
introduced data will be recommended.

Figure 4. The process of online AP clustering.

3.4. Expert Experience-Based Formula Fine Adjustment

Through cluster analysis, a machine learning formula library can be constructed. The recom-
mended formula is based on the formula represented by the cluster center of the current formula
cluster. This formula usually adapts well to the operating habits and actual production conditions of
workers. However, it may not fully meet the performance requirements of rotary hearth furnace. To
ensure that the formula meets all performance requirements, it is necessary to introduce a formula fine
adjustment module based on expert experience. This module meticulously optimizes and adjusts the
recommended formula to meet performance requirements. Firstly, as shown in Table 2, we provide the
following parameters.

Due to the lack of separate assay values for OMQ and returned materials, we use the average
value of the total raw material quantity "IMQ" (excluding Environmental Ash) of its composition for
calculation.

The dry basis composition of each element in IMQ is calculated according to the following
Equations (9) and (10): 

CIMQ =
∑6

i=2 w(Ci) ∗ wi

100

ClIMQ =
∑6

i=2 w(Cli) ∗ wi

100

ZnIMQ =
∑6

i=2 w(Zni) ∗ wi

100

FeIMQ =
∑6

i=2 w(Fei) ∗ wi

100

(9)
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Table 2. Symbol Table.

Symbol Meaning
TMQ Total set material quantity(t/h)
OMQ Total amount of Environmental Ash raw materials(t/h)
IMQ Total raw material amount, excluding environmental dust(t/h)
FMQ Return Material (t/h)
wOMQ Percentage of OMQ in TMQ composition(%)
wx1 Percentage of x1 in TMQ composition(%)
Cx1 Mass percentage of Carbon in x1(%)
Clx1 Mass percentage of Chlorine in x1(%)
Znx1 Mass percentage of Zinc in x1(%)
Fex1 Mass percentage of Iron in x1(%)
FeOx1 Mass percentage of ferrous oxide in x1(%)
OFeOx1

OFeOx1
is the mass percentage of oxygen in FeOx1 (%)

Fe2O3x1
The mass percentage of ferric oxide in x1(%)

OFe2O3x1
The mass percentage of oxygen in ferric oxide(%)

OZnx1
The mass percentage of oxygen in Zinc oxide within x1(%)

Ox1 The mass percentage of oxygen in Zinc oxide within x1(%)
wFMQ The percentage composition of FMQ in TMQ(%)
CFMQ The mass percentage of Carbon in FMQ(%)
ClFMQ The mass percentage of Chlorine in FMQ(%)
ZnFMQ The mass percentage of Zinc in FMQ(%)
OFMQ The mass percentage of oxygen in FMQ(%)
FeFMQ The mass percentage of ferrous oxide in FMQ(%)
FeOFMQ The mass percentage of ferrous oxide in FMQ(%)
OFeOFMQ The mass percentage of oxygen in FeOFMQ(%)
Fe2O3FMQ The mass percentage of f erricoxide in FMQ(%).
OFe2O3FMQ

The mass percentage of oxygen in f erricoxide(%)
OZnFMQ The mass percentage of oxygen in Zinc oxide within FMQ(%)
wIMQ Percentage composition of IMQ in TMQ(%)
wi Percentage of material xi in IMQ(%)
CIMQ Mass percentage of Carbon in IMQ(%)
wCi Mass percentage of Carbon in xi(%)
ClIMQ Mass percentage of Chlorine in IMQ(%)
wCli

Mass percentage of Chlorine in xi(%)
ZnIMQ Mass percentage of Zinc in IMQ(%)
wZni Mass percentage of Zinc in xi(%)
FeIMQ Mass percentage of Iron in IMQ(%)
wFei Mass percentage of Iron in IMQ(%)
OFeOIMQ Mass percentage of oxygen in Fe within IMQ(%)
wFeOIMQ Mass percentage of ferrous oxide in IMQ(%)
OFe2O3IMQ

Percentage mass of oxygen in Fe2O3IMQ within IMQ(%)
wFe2O3IMQ

Mass percentage of Fe2O3IMQ in IMQ(%)
OZnIMQ The mass percentage of the oxygen in Zinc oxide(%)
OIMQ Total mass percentage of oxygen in IMQ(%)
Csum Total dry basis mass percentage of Carbon(%)
Clsum Total dry basis mass percentage of Chlorine(%)
Znsum Total dry basis mass percentage of Zinc(%)
C/Osum Mass percentage ratio of total Carbon to oxygen(%)
C,C The upper and lower bounds of Carbon content(%)
Cl,Cl The upper and lower bounds of Chlorine content(%)
Zn,Zn The upper and lower bounds of Zinc content(%)
C/O The upper bound of the Carbon to oxygen ratio(%)
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

OFeOIMQ =
∑6

i=2 w((FeO)i) ∗ wi ∗ 16
72

100

OFe2O3IMQ
=

∑6
i=2 w(Fei)− w((FeO)i) ∗ 56

72 ) ∗ wi ∗ 48
112

100

OZnIMQ =
∑6

i=2 w(Zni) ∗ wi ∗ 16
65

100
OIMQ = O(FeO)IMQ

+ OFe2O3IMQ
+ OZnIMQ

(10)

where E1IMQ represents the mass percentage of E1 in IMQ, E4 in FMQ, E1=(C, Cl, Zn, Fe, FeO, Fe2O3,
O), wi represents the mass percentage of material xi. w(E2i ) represents the mass percentage of E2 in
material xi, where E2 = (C, Cl, Zn, Fe, FeO). OFeOIMQ represents the mass percentage of oxygen in
FeOIMQ, Fe2O3IMQ denotes Fe2O3 in IMQ and OFe2O3IMQ

represents the mass percentage of oxygen in
Fe2O3IMQ .

The dry basis composition of each element in OMQ is calculated according to the following
Equation (11): 

E3OMQ =
100 ∗ E1IMQ

∑6
i=2 wi

OOMQ = O(FeO)OMQ
+ OFe2O3OMQ

+ OZnOMQ

(11)

where E3IMQ represents the mass percentage of E3 in IMQ, E3 in FMQ, E3=(C, Cl, Zn, Fe, FeO, Fe2O3,
O), OFeOOMQ represents the mass percentage of oxygen in FeOOMQ. Fe2O3OMQ represents Fe2O3 in
OMQ, and OFe2O3OMQ

represents the mass percentage of oxygen in Fe2O3OMQ .
The dry basis components of each element in returned material FMQ are calculated as shown in

the following Equation (12): 
E4FMQ =

100 ∗ E1IMQ

∑6
i=2 wi

OFMQ = OFeOFMQ + OFe2O3FMQ
+ OZnFMQ

(12)

where E4FMQ represents the mass percentage of E4 in FMQ, E4=(C, Cl, Zn, Fe, FeO, Fe2O3, O), OFeOFMQ

represents the mass percentage of oxygen in FeOFMQ. Fe2O3FMQ represents Fe2O3 in FMQ, and
OFe2O3FMQ

represents the mass percentage of oxygen in Fe2O3FMQ .
Combining Equations (9)–(12), we obtain the contents of C, Cl, Zn, and O in the overall mixture:

E5sum = ∑
Mt=IMQ,IMQ,FMQ

(
E5Mt ∗ WMt

100 ∗ 100
)

C/Osum =
Csum

Osum

(13)

where E5sum denotes the content of elements C, Cl, Zn, and O in the overall mixture, represented as
E5 = (C, Cl, Zn, O). Csum is the mass percentage of total dry basis Carbon, Osum is the mass percentage
of total dry basis oxygen, and C/Osum is the total C/O ratio.

However, due to practical on-site operations and product manufacturing requirements, certain
elemental contents need to meet specific upper and lower limits:

C <= Csum <= C

Znsum <= Zn

Clsum <= Cl

C/Osum <= C/O

(14)
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In the equation, C, C represent the lower and upper bounds of the mass percentage of Carbon
respectively, Zn is the upper bound of the mass percentage of Zinc, Cl is the upper bound of the mass
percentage of Chlorine, and C/O is the upper bound of the mass percentage of C/O ratio.

According to the experience of experts, the Carbon content of CDQ is the highest, usually reaching
84.4%, followed by the secondary ash of blast furnace, the content of "C" is generally 20%, and the
content of "Cl" is 5%. Therefore, in practice, the proportion of these two materials is mainly adjusted to
meet the production constraints. In order to meet the requirements of actual production operation, the
proportion of materials changed each time is ϵ. In this study, we choose ϵ as 1%. The fine adjustment
process is illustrated in Figure 5.

Figure 5. The fine adjustment process.

4. Applications

This section mainly introduces the intelligent batching system and its practical application in a
steel plant of China. The environmental protection department of the steel plant uses trial and error
method to make the production plan of raw material ratio of rotary hearth furnace. There are two
problems: the first problem is that different methods need to be formulated for different materials,
and the thinking process is complex. The second problem is time-consuming. The intelligent batching
system solves these two problems.

4.1. System Development Technology

The overall development framework of the intelligent batching system is illustrated in the Figure
6. The intelligent batching system is composed of a data server, control server, Human Machine
Interface, intelligent batching model, and database. The system employs C# for web development,
MATLAB for the core algorithmic logic and optimization models, and SQL Server for backend database
management. It also utilizes PLC for effective on-site communication, as illustrated in Figure 6.
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Figure 6. The intelligent batching system executed in a steel plant of China.

4.2. Implementation Method

First, the intelligent batching system retrieves raw data from the database and preprocesses it to
create a new data table. According to different kinds of raw material combinations, the system uses
AP offline clustering algorithm for clustering analysis, and determines the corresponding clustering
center of this kind of raw material combination. At the same time, the key attraction matrix and
similarity matrix are retained to form a machine learning formula library, which provides the basis for
the optimization and adjustment of subsequent formulas. Next, the system reads the current formula
data and determines which group it belongs to according to the combination of raw material types.
Then, according to the content of elements and compounds (C, Cl, Zn, Fe, FeO) in the current raw
materials, the machine learning formula library recommends the ratio according to the clustering
center. This recommended ratio may not fully meet the product production standards, so it is also
necessary to make minor adjustments to the recommended ratio through the ratio fine-tuning module
based on expert experience, so as to form the final intelligent ratio and output the ratio. The online AP
clustering algorithm is implemented to read the newly generated formula data, update the clustering
center, attraction matrix and similarity matrix, and then update the machine learning formula library.

4.3. Human Machine Interface

The system provides a friendly Human Machine Interface. After logging in with a password,
users can access the interface for the entire batching process directly, and can adjust system parameters,
such as the type of ash in the batching warehouse, the weight limits of materials, etc. The upper
and lower limits for elements C, Zn, and Cl can be configured. The main interface of the intelligent
batching system of rotary hearth furnace in a steel plant of China is depicted in Figure 7. Clicking on
"System Parameters" takes users to the system’s parameter settings. The system parameter interface is
illustrated in Figure 8. The types of raw materials are customizable, and the weight limits for each
warehouse, and the ratio limits for each material can be adjusted. The availability of each warehouse
can be configured using a button. Within the main interface of the batching system shown in Figure 8,
one can also individually view the fundamental parameters of the batching algorithm, as shown in
Figure 9. Settings for the batching constraints, the algorithm’s automatic warehouses switching mode,
and the periodic retrieval of inspection and testing data are configurable.
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Figure 7. Batching system interface.

Figure 8. System parameter interface, the index xi ranges from 1 to 12.

Figure 9. Parameter interface of ingredient system.

4.4. Analysis and Comparison of Batching Results

Taking the rotary hearth furnace in a steel plant of China as an example, it has 12 warehouses: the
first warehouse for Environmental Ash, the second warehouse for CDQ, the third, fifth, sixth, seventh,
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and eighth warehouses for Mixed Ash, the fourth warehouse for Ash from the Iron casting plant, the
ninth warehouse for Secondary Ash of Blast Furnace, the tenth warehouse for Cold-rolled Mud, the
eleventh warehouse for the FMQ (controlled by workers, no need to consider), the twelfth warehouse
for binder, which is not a raw material, so it does not need to be considered. To align with actual
production needs, the parameter settings are as follows: h = 1.5, C = 10, C = 8, Zn = 4.3, Zn = 0,
Cl = 0.8, Cl = 0 and C/O = 1.5. The OMQ ratio(RatioOMQ) is given based on expert experience from
the plant as in (15):

RatioOMQ =


10 40 < TMQ ≤ 100
8 20 < TMQ ≤ 30
5 TMQ ≤ 20

(15)

Later, the on-site experimental data will be analyzed and discussed for two cases. Case 1: when
the formula at the present moment meets the production requirements; Case 2: when the formula
at the present moment does not meet the production requirements. The intelligent batching system
adopts different processing strategies for these two situations.

Case 1: When the formula at the present moment meets the production requirements

Scenario 1: At the previous moment, the formula became the cluster center.

As shown in Table 3, the table details the formula labeled as "Ratio One" from July 1, 2023 at
13:11:23 with TMQ=18, which lists the elemental content of the current formula and its ingredients.
Upon activating the intelligent batching system, users can access recommended formulas, as illustrated
in Scenario 1 of Tables 6 and 7. If the current formula becomes a clustering center after AP online
clustering analysis and meets production standards, the intelligent batching system will recommend
the use of the current formula.

Scenario 2: At the previous moment, the formula didn’t become the cluster center.

As shown in Table 4, the formula labeled as "Ratio Two" from 2023-07-02 09:21:42 has a TMQ of
18. The table details the current formula and the elemental content of each ingredient. By activating
the intelligent batching system, users can access formulas recommended by the system. The results are
presented in Scenario 2 of Tables 6 and 7. If the current formula meets production standards but does
not become the center of the cluster after AP online clustering analysis, the system will recommend
the formula corresponding to the cluster center. After adjustments made by the formula fine-tuning
module based on expert experience, the intelligent batching system ultimately suggests the finely
adjusted formula.

Case 2: When the formula at the present moment does not meet the production requirements.

As shown in Table 5, the table includes a formula labeled as "Ratio Three" from 2023-07-10 18:23:12,
where TMQ=18. The table details the current formula and the elemental content of each ingredient.
By activating the intelligent batching system, users can access recommended formulas, as shown in
Case 2 of Tables 6 and 7. The analysis shows that if the current formula is online clustered with the
machine learning formula library by online AP clustering algorithm, the cluster center of this formula
is recommended. Furthermore, with expert experience-based fine-tuning, the recommended formula
generated by the intelligent ingredient system ensures that all elemental contents of mixed materials
meet production performance.
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Table 3. At the previous moment, the formula became the cluster center. (Case 1: Scenario 1).

Warehouse number Ratio One C Cl Zn Fe FeO

1 5 8.1707 0.1783 3.2892 40.2301 32.2100
2 6 84.4 0 0 0 0
3 0 0 0 0 0 0
4 0 5.8133 0.016 0.1338 63.9333 11.8774
5 32 3.7800 0.2000 3.6903 45.1367 36.1384
6 0 3.7800 0.2000 3.6903 45.1367 36.1384
7 31 3.7800 0.2000 3.6903 45.1367 36.1384
8 31 3.7800 0.2000 3.6903 45.1367 36.1384
9 0 19.435 5.2200 3.7277 41.5333 3.7069
10 0 3.4295 0.3200 14.1331 38.7285 13.3310
11 100 8.1707 0.1783 3.2892 40.2301 32.2100
12 3.5 0 0 0 0 0

Table 4. At the previous moment, the formula didn’t become the cluster center. (Case 1: Scenario 2).

Warehouse number Ratio Two C Cl Zn Fe FeO

1 5 8.6761 0.1769 3.2642 39.9253 31.9659
2 5 84.4 0 0 0 0
3 0 0 0 0 0 0
4 0 5.8133 0.016 0.1338 63.9333 11.8774
5 29 3.7800 0.2000 3.6903 45.1367 36.1384
6 0 3.7800 0.2000 3.6903 45.1367 36.1384
7 28 3.7800 0.2000 3.6903 45.1367 36.1384
8 28 3.7800 0.2000 3.6903 45.1367 36.1384
9 12 19.435 5.2200 3.7277 41.5333 3.7069

10 0 3.4295 0.3200 14.1331 38.7285 13.3310
11 100 8.6761 0.1769 3.2642 39.9253 31.9659
12 3.5 0 0 0 0 0

Table 5. When the formula at the present moment does not meet the production requirements. (Case 2).

Warehouse number Ratio Three C Cl Zn Fe FeO

1 5 11.10011508 0.8557 2.7473 41.8985 21.1786
2 3 84.4 0 0 0 0
3 0 0 0 0 0 0
4 25 5.04181 0.016 0.1281 64.2987 12.4034
5 24 8.49444 0.2 4.35355 42.4917 33.2209
6 0 8.49444 0.2 4.35355 42.4917 33.2209
7 0 8.49444 0.2 4.35355 42.4917 33.2209
8 33 8.49444 0.2 4.35355 42.4917 33.2209
9 15 15.9483 5.22 2.30592 44.4709 3.87191

10 0 3.31824 0.32 14.5748 38.7635 14.1481
11 100 11.1001 0.8557 2.7473 41.8985 21.1786
12 3 0 0 0 0 0
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Table 6. Formula comparison. WN represents Warehouse number, H represents Human Formula, and
I represents Intelligent Formula.

WN
Case1 Case2

Scenario 1 Scenario 2
H IH I H I

1 5 5 5 5 5 5
2 6 6 5 5 3 1
3 0 0 0 0 0 0
4 0 0 0 0 25 26
5 32 32 29 27 24 25
6 0 0 0 0 0 0
7 31 31 28 28 0 0
8 31 31 28 28 33 35
9 0 0 10 12 15 13

10 0 0 0 0 0 0
11 100 100 100 100 100 100
12 3.5 3.5 3.5 3.5 3 3

Table 7. Performance Comparison.

Element
Case1 Case2

Scenario 1 Scenario 2
H IH I H I

C 8.0277 8.0277 8.6278 8.7710 10.6223 9.8395
Cl 0.1751 0.1751 0.4050 0.4510 0.8423 0.7971
Zn 3.2316 3.2316 3.2377 3.2381 2.6890 2.7284

C/O 0.7528 0.7528 0.8026 0.8148 0.8549 0.7844

5. Conclusions

To meet the challenges of efficiency and precision in the rotary hearth furnace batching process,
this study has successfully developed and deployed an innovative intelligent batching system. The
system utilizes a robust online clustering algorithm framework, seamlessly integrating data prepro-
cessing techniques with both offline and online AP clustering algorithms. Additionally, incorporating
an expert-driven formula fine-tuning module, the system adeptly processes historical formula data
and dynamically updates batching plans. The application of these advanced technologies allows the
system to accurately identify and handle outliers and missing values in the data, efficiently perform
re-clustering based on new data, avoid redundant computations, and significantly enhance processing
efficiency and batching precision. The system design also considers user interactivity, featuring a
user-friendly interface and flexible parameter configuration, further enhancing its practicality and
adaptability. The successful development and implementation of this system have not only optimized
the batching process and enhanced product quality and efficiency but also introduced a new intelligent
solution to the rotary hearth furnace batching sector, which has important theoretical significance and
practical value. Its application at a Chinese steel plant has demonstrated the system’s efficiency and
practicality.
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