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Abstract

Accurately identifying scrap steel yield rates remains challenging due to the diverse types,
mixed sources of scrap, and complex furnace working conditions. This paper proposes
a mechanism and data joint-driven identification method, and identification precision is
enhanced by community division of a knowledge graph. Firstly, a knowledge graph for
scrap charging is constructed, and the label propagation algorithm (LPA) is used to divide
communities with similar charging patterns. Then, a physics-informed neural network
is designed for each community to identify scrap steel yield rates. Finally, the shapley
additive explanations approach is employed to assess and quantify the influence of these
factors on scrap steel yield rates. Experimental results indicate the following: (1) The
proposed model for scrap steel yield rate based on knowledge graph community division
achieves the highest identification precision, with a Root Mean Square Error (RMSE) of
3.20 tons and a Mean Absolute Error (MAE) of 2.62 tons. (2) Compared with the baseline
joint-driven model without community division, the proposed method reduces the MAE
by 26.6% (from 3.57 t to 2.62 t) and significantly improves the hit rate within £5 tons by
13.97 percentage points (reaching 87.55%). These improvements validate the effectiveness of
the community-based divide-and-conquer strategy in handling complex charging patterns.

Keywords: scrap steel yield rate; converter steelmaking; neural network; community
division; knowledge graph

1. Introduction

Steelmaking is a dominant steel production method that utilizes hot metal and scrap
steel as primary raw materials, characterized by high efficiency and large-scale production.
The primary material inputs include hot metal, scrap steel, slag-forming agents (such as
lime and magnesia balls), and oxygen. High-speed oxygen is blown into the converter
through an oxygen lance, where high-concentration elements like carbon and silicon in the
hot metal are oxidized, and harmful elements such as phosphorus and sulfur are removed,
thereby producing molten steel with the desired temperature and composition, as well as
generating slag and flue gas [1]. Steel scrap is regarded as one of the key raw materials
in steelmaking, and the utilization of scrap steel is of great significance for lowering
carbon emissions. For a single type of steel scrap, its yield is defined as the proportion
of steel converted into molten steel to its total weight, measuring the efficiency of scrap
conversion into molten steel during the smelting process. The scrap steel yield rate is an
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important indicator of scrap resource utilization efficiency in the steelmaking process [2-5].
The average scrap steel yield rate for different types of scrap is a comprehensive metric,
calculated as the weighted average of the individual yields, reflecting the overall scrap
utilization efficiency. The identification of scrap steel yield rate plays a significant role in
the recycling efficiency of scrap resources and the green and low-carbon transformation of
the steel industry. With the advancement of China’s strategic research into the high-quality
recycling of scrap resources under the “double carbon” background, improving scrap steel
yield rates is of great significance for promoting the green and low-carbon development of
the steel industry [6].

However, there is limited research specifically focused on the identification of scrap
steel yield rate. The yield rate of a single scrap type is defined as the mass ratio of molten
steel converted from this scrap to its total feeding mass, and the average scrap yield
of one whole heat is the weighted average value of all single scrap yields. Predicting
scrap steel yield rate in steelmaking is challenging due to the wide variety of scrap types
and numerous process factors. Firstly, the influencing factors are complex and diverse,
including scrap charging patterns, hot metal temperature, endpoint temperature, oxygen
flow rate, and oxygen blowing volume, as well as the contents of elements like carbon,
sulfur, manganese, and phosphorus in hot metal. Identifying scrap steel yield rates through
mechanism analysis is difficult due to the high dimensionality and non-linearity of these
factors. Secondly, due to the continuity and high efficiency of the steelmaking process,
it is impractical for online measurement for each heat. The complex furnace working
conditions cannot be simulated in a laboratory, where it is difficult to fully replicate the
high temperatures, high pressures, complex chemical reactions, and large-scale material
flow in actual furnace working conditions. Additionally, the iron content in scrap cannot
be equated to the true yield. The iron content only reflects the proportion of iron in the
scrap raw materials, while yield involves the proportion of steel actually converted into
steel products during the complex process. Scrap steel yield rates are mainly affected by
iron oxidation, scrap melting losses, and splashing losses. Therefore, in the actual smelting
process, the scrap steel yield rate cannot be equal to the iron content in the scrap steel.

Existing identification models for scrap steel yield rates are primarily categorized into
mechanism-driven and data-driven approaches. Mechanism-driven methods primarily
predict the scrap steel yield rate during steelmaking through static and dynamic mechanism
models formed over a long period in the metallurgical field, and they possess a certain
degree of interpretability. Existing studies mostly focus on mechanism analysis of the
scrap melting process in converters. Wang [7] numerically calculated the melting behavior
of scrap steel in a full-scale converter under different blowing conditions using a three-
dimensional coupling model for turbulent multiphase flow, melting, and solute transport.
Singha [8] developed a thermodynamic calculation model to describe the steelmaking pro-
cess involving scrap and lime dissolution. Deng et al. [9] established a mathematical model
to study the melting mechanism of scrap in a dephosphorization converter, considering the
coupling effects of the carbon content in scrap steel, the temperature of hot metal, and the
temperature of preheating scrap on the scrap melting rate.

In terms of scrap steel yield rate identification methods, mechanism-driven research
has mainly focused on laboratory measurement methods. The scrap steel yield rate is
measured using an intermediate frequency furnace proposed by Ding Jian [10]. However,
this method relies on preprocessed samples with a certain composition. However, the
composition of scrap steel is diverse in the actual steel-making process. Moreover, only
the weight ratio of molten steel to raw scrap is calculated without considering the loss
by smelting, such as chemical oxidation loss, smoke emission, and slag entrainment. The
comparative analysis method combining heat balance and material balance was proposed
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by He Ruifei [11]. But the establishment of balance equations relies on ideal metallurgical
assumptions, making it difficult to quantify the impact of dynamic factors such as uneven
molten pool temperature and fluctuating oxygen supply under industrial operating condi-
tions; some key parameters in the equations need to be estimated through experience, and
the accumulation of errors will significantly reduce the accuracy of yield rate identification.
The adaptive algorithm for scrap steel yield rate (ASY-DCO) proposed by Gan Junjie [12]
realizes adaptive adjustment of the yield rate through dynamic cycle optimization based on
the yield rate measured in the laboratory. But the initial reference value of the algorithm is
derived from laboratory measurement results, and the deviation between laboratory data
and industrial reality will be directly transmitted to the optimization process, leading to
an inaccurate basis for adaptive adjustment, and the adjustment strategy only focuses on
the cyclic correction of yield rate values without adapting to the core influencing factors of
scrap steel yield rate, making it difficult to truly reflect the actual utilization efficiency of
scrap steel in industrial scenarios.

Mechanism calculation methods utilize long-established mechanisms and expert
knowledge in the metallurgical field and have excellent interpretability. However, since
mechanism formulas contain a large number of unmeasurable key parameters, the
identification of unmeasurable parameters is a key challenge affecting the accuracy of
mechanism methods.

Data-driven scrap steel yield rate identification methods, centered on machine learning
algorithms, have attracted certain attention in recent years. Zhang Chaojie [13] proposed a
method for predicting the deviation coefficient of scrap steel yield rate in steelmaking based
on the Random Forest (RF) algorithm and the multi-layer neural network (MLNN), realizing
the identification of scrap steel yield rate by leveraging the fitting and learning capabilities
of the algorithms. Erik Sandberg et al. [14] evaluated scrap steel properties using data from
the Electric Arc Furnace (EAF) steelmaking process and constructed identification models
for molten steel chemical composition, power consumption, and scrap steel yield rate using
Partial Least Squares (PLS). However, these data-driven methods face significant limitations.
Neural networks, often regarded as “black boxes”, lack interpretability regarding the
relationship between input factors and identifications, limiting their acceptance in industrial
operations. The generalization ability of some algorithms relies on a large amount of high-
quality data, resulting in the inability to reproduce the theoretical hit rate of the model in
actual on-site applications, thereby leading to low hit rates and poor scalability.

While existing studies have made some progress in scrap steel yield rate identification,
critical limitations persist. The scrap steel yield rate in steelmaking is inherently affected by
multi-dimensional and non-linear factors. The above methods fail to integrate metallurgical
mechanisms with neural networks, resulting in models lacking interpretability and the
capability for online identification.

Considering the severe heterogeneity of scrap feeding patterns across different heats,
a single global model cannot fit diversified furnace conditions accurately. A knowledge
graph can quantitatively describe the feeding similarity between heats through topologi-
cally weighted edges, providing an unsupervised clustering carrier for subsequent batch
community division. Therefore, this paper constructs a scrap charging knowledge graph
and adopts the LPA algorithm to divide heats with analogous feeding features into in-
dependent sub-communities for separate modeling. Thus, there is a critical need for the
development of an efficient and online scrap steel yield rate identification method, and this
method must be highly adaptable to the complex and changing furnace working conditions.
In this paper, a mechanism and data joint-driven model for scrap steel yield rate identifica-
tion is designed, and identification precision is further enhanced by community division of
the knowledge graph. In Section 2, a knowledge graph for scrap charging patterns and the
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label propagation algorithm (LPA) is used to identify communities for simulating the heats
with similar material input characteristics. The mechanism formula for iron mass balance
is incorporated into a multi-layer neural network as the loss function so that the difference
between input and output iron mass can be minimized. SHAP is employed to evaluate
and quantify the influence of various factors on scrap steel yield rates. In Section 3, the
experimental design and results are presented. Finally, Section 4 is for the presentation of
the experimental conclusions and the future outlook of this study.

2. Mechanism and Data Joint-Driven Identification Model for Scrap Steel
Yield Rate

2.1. Data Item Description

Input variables of the model are preliminarily selected based on existing literature.
Spearman correlation coefficient analysis is adopted for variable screening to statistically
verify the correlation between each input feature and scrap steel yield rate and confirm
the validity of selected factors. Meanwhile, all parameters are verified for rationality
together with on-site technical experts from steel plants. The input factors for our iden-
tification model are listed in Table 1, including hot metal amount, total scrap amount,
oxygen consumption, endpoint temperature, and elemental contents (e.g., carbon, silicon,
phosphorus) in hot metal, as well as the quantities of various scrap types and auxiliary
materials (e.g., lime).

Table 1. Input factors and descriptions.

No. Item Unit Reference Range  No. Item Unit  Reference Range
X1 Hot metal amount t 265.3 X12 Lime amount t 6.2
X Oxygen consumption Nm? 14,980 X3 Scrap01 amount t 2.26
X3 Endpoint temperature °C 1695 X14 Scrap02 amount t 6.27
Xy [C] content in hot metal Y% 4.652 X15 Scrap03 amount t 4.65
X5 [Mn] content in hot metal Y% 0.2336 Xi6 Scrap04 amount t 1.12
X6 [P] content in hot metal % 0.1134 Xq7 Scrap05 amount t 5.6
Xz [S] content in hot metal Y% 0.003526 X1g Scrap06 amount t 0.56
Xg [Si] content in hot metal Y% 0.3613 Xi9 Scrap07 amount t 1.79
Xy Hot metal temperature °C 1368 X0 Scrap08 amount t 3.62
X10 molten steel amount t 299.9 X1 Scrap09 amount t 2.15
X11 alloy amount t 0.43 X2 Scrap10 amount t 14.16

2.2. Proposed Model

In recent years, neural networks have been increasingly applied in industrial
fields [15,16]. Neural networks excel at analyzing large-scale historical data, particularly in
handling multi-dimensional and non-linear problems by automatically extracting complex
relationships between input and output. With the rapid development of deep learning,
more studies have explored the integration of physical mechanisms and data-driven mod-
els to solve complex industrial problems. Raissi [17] proposed physics-informed neural
networks (PINNs) to address forward and inverse problems involving non-linear Partial
Differential Equations (PDE). By embedding physical constraints directly into the neural
network’s loss function, the model adheres to physical laws during training, improving
identification accuracy and generalization ability. The concept of physics-aware neurons is
reflected in embedding physical constraints directly into the neural network architecture.
Jia [18] proposed a Physics-Guided Recurrent Neural Network (PGRNN) that introduces
physical factors as intermediate factors into the network architecture. Xia [19] proposed a
hybrid data-driven and mechanism-based method (dmPINNSs) for predicting the endpoint
carbon content in converters. This method integrates decarburization mechanism formu-
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las into the neural network and identifies unmeasurable parameters in the mechanism
formulas by the neural network.

Physics-Informed Neural Networks have advantages such as improving identification
accuracy and ensuring interpretability guided by physical mechanisms. Therefore, this
paper adopts an error correction method, utilizing the iron mass balance mechanism
formula to construct a physical baseline (for calculating the theoretical iron output). A
multi-layer neural network is employed to learn the non-linear residual between the actual
molten steel amount and this physical baseline. Finally, the mechanism-based baseline is
combined with data-driven residual correction to minimize the difference between the input
and output iron mass. Moreover, since scrap charging has specific patterns for different
heats, community division is introduced to find the charging pattern. The scrap steel yield
rate identification model is then constructed for each identified pattern or community.

This paper proposes an innovative framework realizing the full-process closed loop of
“pattern classification—separate modeling—result interpretation”. As shown in Figure 1,
the construction of this model primarily involves four steps: (1) dataset is processed by
methods such as outlier detection; (2) a knowledge graph is built from data to visually
represent the similarities and differences in scrap charging patterns for different heats;
(3) the graph is partitioned into communities by using LPA algorithm, so that nodes with
similar scrap charging pattern can be grouped; and (4) physics-informed neural networks
for different communities are trained respectively.

Graph C:
Training Data Input Factors & Community Detection
Wicrap (i € [1,10])
Wiron
 Waitoy —
Witeet Vactuat)
Hotmetal Info
Endpoint Temp
Lime Amount

Mechanism-based calculation
WL,y

¥ Wacran * Macrap + Wia®Thvas

Figure 1. Mechanism and data joint-driven scrap steel yield rate identification model.

2.3. Construction of the Knowledge Graph for Scrap Charging Pattern

To reveal the complex relationships between heats and the added scrap, a knowledge
graph was constructed with heats and the added scrap as core entity nodes. Specifically,
heat numbers and scrap types were extracted from smelting data as key entities, and
directed edges representing the “heat-includes-scrap” relationship were established to form
a multi-dimensional network structure reflecting scrap charging patterns. For example,
heat 29 is connected to scrap types SCRAP01, SCRAP02, and SCRAPO03 through “includes”
relationships if these three types of scrap are added into this heat. By using the graphic
modeling functions of the py2neo library, the above structure is stored in the Neo4j graph
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database for the intuitive comparison of charging patterns among different heats. Figure 2
illustrates that a single heat node connects to multiple scrap type nodes. The graph clearly
shows the differences in scrap types in each heat, providing a basis for subsequent com-
munity detection. By this structured representation, the knowledge graph can intuitively
show the similarities and differences in scrap charging patterns across different heats.

lscraPoRls. ...

Figure 2. Knowledge graph for scrap charging containing heats and added scraps.

The constructed graph structure is stored in the Neo4j graph database. The graph
structure provides an efficient topology for subsequent community detection algorithms.
To further facilitate the application of the label propagation algorithm for community
division, it is necessary to construct a knowledge graph for scrap charging patterns where
each heat is defined as a node, and the direct relationships between heats are represented as
edges. Associative edges between heats are constructed based on the similarity of the scrap
charging structure, considering both scrap types and their specific weights. To eliminate the
interference of trivial additions, a scrap type is considered a valid feature only if its charging
amount exceeds a specific threshold (>1 ton). Consequently, each heat is represented as a
high-dimensional scrap weight vector V = [w1,wy,...,wn]. The edge weight between two
heats is determined by the cosine similarity of their vectors rather than a simple count
of overlapping types. For example, if Heat 80 and Heat 83 both utilize SCRAP03 and
SCRAPO05 with highly consistent weight ratios, the edge weight will approach 1, thereby
accurately reflecting the similarity of their furnace working conditions. This edge weight
directly reflects the similarity of scrap charging patterns among heats. Figure 3 illustrates
the projected knowledge graph of heats, where nodes represent individual heats, and
edges denote the similarity in scrap charging structures and their proportional distributions
among heats. The weight of each edge is determined by the cosine similarity of the scrap
weight vectors between two heats, enabling accurate reflection of the similarity in furnace
conditions across different heats.
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Figure 3. Knowledge graph for scrap charging containing heats.

2.4. Community Detection of the Scrap Charging Pattern Knowledge Graph

The LPA [20,21] is used to divide the knowledge graph for scrap charging pattern into
communities. The process involves initializing each heat node’s label, iteratively updating
each node’s label to the most frequent label among its neighbors, and stopping when all
node labels match their neighbors” most frequent labels, forming several heat communities.
The complete grouping rule is detailed as follows:

1.  Node Initialization: Each heat node is assigned an exclusive initial unique label
according to its heat number.

2. Edge Weight Calculation: The connection weight between two heat nodes is calculated
by cosine similarity of normalized scrap feeding weight vectors, which quantifies the
similarity of scrap types and feeding mass ratios.

3.  Iterative Label Update: In each iteration, every heat node updates its label to the label
with the maximum cumulative weight of adjacent connected nodes.

4. Convergence Termination: The iteration loop stops once no node label changes in a
full round. All heats sharing highly consistent scrap feeding vector features will be
automatically clustered into one community.

As visualized in the figure, the heats spontaneously form distinct communities under
the force of the topological connections. These communities represent groups of heats with
highly similar scrap charging patterns. This topological clustering provides the physical ba-
sis for training scrap steel yield rate identification models for different working conditions.

2.5. Design of the Physics—Informed Neural Network for Identifying Scrap Steel Yield Rate

Based on community detection, a physics-informed neural network is constructed to
train the found communities by LPA, respectively. As shown in Figure 4, the neural network
incorporates a hybrid loss function that integrates the iron mass balance mechanism and
data-driven residual constraints, ensuring consistency between the predicted iron content
and the actual molten steel amount while minimizing the deviation between the input
and output iron mass. By feeding into the neural network using the factors affecting the
scrap steel yield rate—such as oxygen consumption; endpoint temperature; the contents of
elements in hot metal; the amounts of fluxes, including lime, magnesia balls, and dolomite;
the amount of hot metal; the amount of molten steel; the amounts of various types of scrap
steel added; and the amount of alloy—the complex non-linear relationships between these
factors and the scrap steel yield rate can be learned. The scrap steel yield rates of various
types and the hot metal rate for each heat are output. The model’s accuracy is verified by
comparing the iron mass balance errors of the test heats.
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Figure 4. Scrap steel yield rate identification model for each community.
According to the iron balance formula:
steel Zwscrap x yScrap + eron Yiron + W alloy Yalloy @

where ygé)rap is the scrap steel yield rate of the i-th heat, wl is the amount of molten steel,

steel
Wl(rgn is the amount of hot metal, W(ll) oy is the amount of alloy added, wggap is the amount
of scrap steel added, Yiron is the hot metal yield rate, and Yoy is the alloy yield rate.

Since the scrap steel yield rate of each individual scrap type varies with furnace
conditions, ground truth values are unavailable. Relying on mechanism formulas allows
only for the calculation of the total scrap steel yield rate, failing to identify the scrap steel
yield rate of specific scrap types individually. Furthermore, current data-driven studies
typically use empirical values as ground truth for training, which presents significant
limitations. Therefore, a mechanism and data joint-driven identification model for scrap
steel yield rate is proposed. Based on the principle of iron balance, the theoretical iron
output (fpyy) is established as the physical baseline, calculated as:

f PHY — ZT Wélc)rap X ﬂs(é)rap + Wi(rlgn'ﬂiron + WaEll)oy Yalloy (2)

where ;7§?rap is the empirical scrap steel yield rate of the i-th heat, and #jron is the empirical
hot metal yield rate.

To accurately identify the scrap steel yield rates of the 10 selected scrap types and
account for complex process variations, a residual modeling strategy is adopted. In the
training phase, the difference between the actual molten steel amount (Y 44,41, represent-
ing the true iron content) and the physical baseline (fppy) is calculated as the residual
(Error = Yactual — fPHy)- A neural network (fy) is then trained to learn this non-linear
deviation. Consequently, the final prediction is obtained by superimposing the neural
network’s estimated residual onto the physical baseline, thereby effectively combining the
interpretability of the physical iron balance with the corrective precision of data-driven
modeling. To ensure consistency between the predicted iron content and the actual molten
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steel amount, a hybrid loss function integrating both mechanism and data-driven compo-
nents is formulated. This function minimizes the Mean Squared Error (MSE) between the
ground truth and the total predicted value. Specifically, the total prediction is defined as
the sum of the mechanism-based baseline and the data-driven residual correction. The
mathematical expression is as follows:

2
[N BV (i) Al
L= N l; YActual - zEa,SS + E(,Z_)/ 3)

Mechanism Data—Driven

where N is the batch size. Yggtu al
Y( )

Base Tepresents the baseline iron content calculated by the iron mass balance mechanism,

while E() is the learnable residual correction term generated by the neural network to

denotes the measured molten steel amount for the i-th heat.

capture the complex non-linear deviations that the static mechanism cannot explain.

In this study, the data-driven component (fr) is designed as a Multi-Layer Percep-
tron (MLP) consisting of an input layer, two hidden layers, and an output layer. Unlike
traditional methods that incorporate physical laws merely as penalty constraints within the
loss function, the proposed residual modeling framework explicitly decouples the linear
physical relationships from complex non-linear process variations. Specifically, the loss
function is formulated to minimize the difference between the network’s predicted residual
and the actual residual derived from the iron balance. By training the MLP to focus on the
discrepancies that the fixed yield rate formula cannot explain, this architecture prevents
the model from overfitting to basic physical laws and allows it to capture the unmodeled
dynamic fluctuations, thereby enhancing the overall accuracy and robustness of the scrap
steel yield rate identification.

2.6. Scrap Steel Yield Rate Identification for New Heats by Voting Algorithm

The new heats in the test set were divided into corresponding communities through a
similarity-based voting algorithm. A weighted community assignment algorithm for test
heats based on vector dot product is proposed in this paper. The community assignment
algorithm for a new heat to be predicted is implemented through the following process.
The voting mechanism process is described in Algorithm 1.

Algorithm 1. Voting Algorithm for Community Assignment Algorithm

(1) Feature Vector Generation: The scrap vector I/_\} of a new heat is constructed by
normalized weights of scraps with usage >1 t, with dimensions equal to the total
number of scrap types and weights of non-effective scraps set to 0.

(2) Community Feature Representation: The feature vector ;Tk of each community Cy
is the vector from its training heats, where V;; takes 1 at positions of effective
scraps and 0 otherwise.

©)] Welghted Similarity Calculation: The dot product Sy = W yk is computed between
W and the feature vector yk of each community, characterizing the weight overlap
degree.

(4) Weighted Voting: The dot product results are normalized to obtain voting weights

wy, and heat is assigned to the community with the maximum weight. Ties are
broken by prioritizing the community with a larger dot product of high-weight
—

components in W.
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As illustrated in Figure 5, the identification process for new heats adopts a community-
based “divide-and-conquer” strategy to handle complex charging patterns. The workflow
proceeds as follows: First, the test data, comprising multi-dimensional input factors such as
scrap weights, hot metal information, and endpoint temperature, is ingested into the system.
A Voting Mechanism based on the Knowledge Graph (KG) and label propagation algorithm
(LPA) results is then employed to evaluate the similarity between the new heat and the
pre-identified communities. The heat is automatically assigned to the community with the
highest matching degree, effectively isolating similar process characteristics. Subsequently,
the data is routed to the specific Mechanism and Data Joint-Driven Sub-model trained
for that community. Within this module, the iron mass balance mechanism computes the
theoretical physical baseline, while the neural network predicts the non-linear residual
specific to the current furnace condition. Finally, the specific yield rate for each scrap type
is dynamically identified by decoupling the learned residual and superimposing it onto the
empirical value, realizing precise online identification.

Mechanism based catcuiation

-
prrree—
Tt Dot ot Snctors ' Mechaninm bared Calculstion
v p ' /
Wherap(i € [1,10]) : ! !
Wion Select the comnrunity ith { _ M k p
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‘ — f@ i . \ >
Witeet (Y actuat) H Commn 2 = H N 7
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Endpoint Temp 4
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' [remrpw—s
R . SERAT
Mechanism based caladation
, -
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Figure 5. Scrap yield identification for new heats by voting algorithm.

3. Experiments
3.1. Data Preprocessing

All input industrial data adopted in this paper are historical converter smelting records
collected from a large Chinese integrated iron and steel enterprise. Based on real data from
a steelmaking plant, comprehensive data quality improvement work was carried out, such
as missing value removal. For instance, if the value of carbon content in the hot metal is
void, this heat will not be taken into account.

3.2. Experimental Setup
The hyperparameter settings of the model are presented in Table 2.

Table 2. Hyperparameters in the neural network.

Hyperparameter Details
Input Layer 20 input features
Number of Hidden Layers 2

https://doi.org/10.3390/pr14152378
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Table 2. Cont.
Hyperparameter Details
Number of Neurons in the First Hidden Layer 256
Number of Neurons in the Second Hidden Layer 128
Activation Function ReLU function is used in the hidden layers
Number of Training Epochs 2000 epochs, and the early-stopping method is applied
11 neurons, representing the ten types of scrap steel yield rates
Output Layer and the hot metal yield rate
Optimization Algorithm Adam optimizer

Loss Function

2

N . .
=1 (i) (i) L (7
L= N Z YActual — YBaSe + E(l)
i=1 N :
Mechanism Data—Driven
Batch Size ~

Learning Rate

The initial learning rate is 0.001, and a cosine annealing learning
rate adjustment strategy is applied

3.3. Experimental Results
3.3.1. Accuracy of Our Proposed Network

The dataset used in this paper consists of a total of 2650 heats, which are stratified
sampled by community distribution into three subsets: 2125 training heats, 260 validation
heats, and 265 test heats. Only the 2125 heats from the training subset are utilized to build
the scrap charging knowledge graph and execute LPA community detection; validation set
and test set samples never participate in graph topology construction or label propagation
clustering. During prediction inference, unseen test heats only match existing pre-trained
communities via a weighted voting algorithm, which thoroughly avoids data leakage
between the training and test samples. The detection communities are shown in Table 3.

Table 3. Community detection in the knowledge graph for scrap charging pattern.

Community Name Number of Members (Train) Number of Members (Test)
Comm0 420 74
Comml1 765 108
Comm?2 940 83

The test set was divided into 74 heats in Comm0, 108 heats in Comm1, and 83 heats
in Comm?2 by the voting algorithm. The model without community detection is a single
model as a baseline, and the models for community detection are Comm0, Comm1, and
Comm?2 models. In addition, based on empirical values of the scrap steel yield rate in
the plant, a mechanistic model and a data-driven model were designed, respectively. The
mechanistic model works by substituting the empirical values of scrap steel yield rate
into the iron balance mechanism formula and then calculating the error against the actual
molten steel weight. The data-driven model takes the empirical values of the scrap steel
yield rate as the ground truth and integrates the furnace condition factors that affect scrap
steel yield rate as the input factors.

To ensure the fairness and comparability of the experimental results, all models in-
volved in the comparison (mechanistic model, data-driven model, baseline joint-driven
model without community detection, and the proposed joint-driven model with KG com-
munity detection) adhere to strict consistency in key experimental settings, except for the
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core differences in modeling frameworks and whether community detection is adopted.
Specifically, the data-driven approach based on empirical values shares the same model
architecture as the proposed model: it employs a Multi-Layer Perceptron (MLP) with two
hidden layers. All models use the identical input feature set. For training parameters,
consistent hyperparameters are adopted across all models.

The only differences between the models lie in two aspects: (1) Modeling logic: the
mechanistic model relies on empirical scrap steel yield rates substituted into the iron
balance formula; the data-driven model takes empirical yield rates as ground truth for
supervised training; and the joint-driven models (baseline and proposed) integrate iron bal-
ance mechanism constraints into the loss function. (2) Community detection: the proposed
model adopts KG-based community detection and separate modeling for each community,
while the other three models do not involve community partitioning. This consistent experi-
mental design eliminates the interference of factors such as model complexity, input feature
discrepancy, and data distribution difference, ensuring that the superior performance of
the proposed model originates from the innovative integration of mechanism-data joint
driving and community detection.

To evaluate the prediction performance of the proposed model, two internationally
recognized metrics, Root Mean Square Error (RMSE) and Mean Absolute Error (MAE), are
supplemented. These metrics quantify the model’s prediction deviation, average precision,
and data fitting ability from multiple dimensions. Their definitions and calculation formulas
are as follows:

N
MAE = < } [9; — vil (5)

where N denotes the number of test samples, §; is the predicted iron content of the i-th
heat, and y; is the true iron content from the molten steel amount. Table 4 and Figures 6-9
summarize the extended evaluation metrics results of the mechanistic model, the data-
driven model, the baseline single model (without community detection), and the proposed
model (with community detection). It can be observed that the proposed model achieves
a lower RMSE and MAE compared with the baseline model, indicating smaller overall
prediction deviations and higher average precision. These results collectively validate the
robustness and superiority of the proposed model from multiple evaluation perspectives.

Table 4. Comparison of RMSE, MAE, and hit rate metrics across different models.

Hit Rate Within Hit Rate Within Hit Rate Within

Model RMSE MAE +1 Ton +3 Ton 45 Ton
Mechanistic calculation based on 1270 9.84 12.08% 32.08% 50.57%
empirical values of scrap steel yield rate
Data-driven approach basec% on empirical 3.83 6.79 9.81% 41.13% 58.49%
values of scrap steel yield rate
Mechanism and data joint-driven
identification model for scrap steel yield 4.47 3.57 17.74% 49.81% 73.58%

rate (baseline)

Mechanism and data joint-driven
identification model for scrap steel yield 3.20 2.62 24.15% 64.15% 87.55%
rate (with KG community detection)
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Mechanistic calculation based on empirical values of scrap steel yield rate
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MAE: 9,84 Ton
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Figure 6. Comparison of actual and predicted iron content based on mechanistic calculation (empirical
values of scrap steel yield rate).

Data-driven approach based on empirical values of scrap steel yield rate

—— Perfect Prediction

330 #1Ton °
--- 3Ton
--- 5Ton o © 5
Model Performance : ® . o3
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MAE: 6.79 Ton

Hit Rate (+1T): 9.81%
Hit Rate (+3T): 41.13%
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Actual Iron Content (Ton)

Figure 7. Comparison of actual and predicted iron content based on data-driven approach (empirical
values of scrap steel yield rate).

Mechanism and Data Joint-Driven Identification Model for Scrap Steel Yield Rate(Baseline)

—— Perfect Prediction
#1Ton

3201 --- 37on
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RMSE: 4.47 Ton

MAE: 357 Ton

Hit Rate (+1T): 17.74%

Hit Rate (37): 49.81%

Hit Rate (5T): 73 58%
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Absolute Error (Ton)
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Figure 8. Comparison of actual and predicted iron content without community detection.
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Mechanism and Data Joint-Driven Identification Model for Scrap Steel Yield Rate(with KG community detection)

320 —— Perfect Prediction P
+1Ton s
-—- £37Ton B i
-=- s57Ton Ty “ .
Model Performance: 26~ L
RMSE: 3.20 Ton . e

310 MAE: 262 Ton

Hit Rate (+17): 24.15%
Hit Rate (£3T): 64.15%
Hit Rate (£5T): 87.55%

g
Absolute Error (Ton)

Predicted Iron Content (Ton)
8 3

270
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260 270 280 300 310

290
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Figure 9. Comparison of actual and predicted iron content based on community detection.

All comparative models are independently trained and tested for 10 repeated ex-
periments under identical hyperparameter configuration. The RMSE and MAE values
shown in Table 4 are the average results of 10 repeated runs. The mean and standard
deviation of each model’s error metrics are summarized in Table 5 to prove the stability of
model performance.

Table 5. Mean and standard deviation of RMSE and MAE over 10 repeated experiments.

Model RMSE RMSE Std (1) MAE Mean (t) MAE Std (t)
Mechanistic calculation basefi on empirical 12.70 041 9.84 033
values of scrap steel yield rate
Data-driven approach baseq on empirical 8.83 035 6.79 028
values of scrap steel yield rate
Mechanism and data joint-driven identification 447 022 357 017

model for scrap steel yield rate (baseline)

Mechanism and data joint-driven identification
model for scrap steel yield rate (with KG 3.20 0.13 2.62 0.11
community detection)

To further verify the effectiveness of the community partition strategy, we separately
calculate the RMSE and MAE of three independent community sub-models, and all com-
munity models achieve lower prediction error than the undivided baseline single model.
Detailed metrics of each community are listed in Table 6.

Table 6. Community detection in the knowledge graph for scrap charging pattern.

Community Name Test Heat Quantity RMSE (t) MAE (t)
Comm0 74 3.36 2.75
Comm1 108 3.12 2.54
Comm?2 83 3.25 2.66
Undivided baseline model 265 447 3.57

To further verify the application capability of the proposed method, we compare

the single-heat average inference latency of scrap yield prediction models from recent

literature and our community-divided joint-driven model. All tests are conducted on a
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laptop equipped with an Intel i7-12700H CPU and 16 GB RAM under identical computing
environments. The statistical time consumption results are listed in Table 7.

Table 7. Average single-heat inference time of different prediction models.

Model

Average Single Heat Inference Time (ms)

Mechanistic calculation based on empirical values of scrap steel yield rate 0.32
Data-driven approach based on empirical values of scrap steel yield rate 16.82
Mechanism and data joint-driven identification model for scrap steel
. . 22.37
yield rate (baseline)
Mechanism and data joint-driven identification model for scrap steel 18.15

yield rate (with KG community detection)

Compared with the traditional undivided PINN model, our approach only adds
negligible vector cosine similarity matching overhead during community voting matching,
with an extra delay of merely 5.78 ms per heat. The total single-heat inference time is
controlled within 0.02 s, which fully satisfies the real-time online calculation demands of
converter continuous production.

3.3.2. SHAP Analysis with Mechanism and Data Joint-Driven Identification Model for
Scrap Steel Yield Rate

The SHAP value, based on the principle of fair distribution in game theory, quantifies
the marginal contribution of each input factor to the model identification results, thereby
revealing the influence direction and degree of key process parameters on the scrap steel
yield rate.

According to the calculation formula for the average scrap steel yield rate of each heat,
_ I wlapryithap

Yscrap = Y wi)

scrap

rate and the factors affecting the scrap steel yield rate, as shown in Figure 10. The results

, a SHAP analysis is carried out on the model for the scrap steel yield
show that the factors affecting the scrap steel yield rate can be divided into two categories:
positive correlation and negative correlation.

B Positive
input factors B Negative

-0.691 Hot metal [Si] content
Endpoint temperature
-0.195 Hot metal [S] content
Hot metal temperature +0.107
Hot metal [C] content +0.055
Hot metal [P] content +0.042
Oxygen flow rate +0.035
-0.027 Total oxygen consumption

Hot metal [Mn] content | +0.005

SHAP Value
Figure 10. Directions and degrees of influence of process parameters on scrap steel yield rate.
For the temperature of hot metal, the carbon content in hot metal, the phosphorus
content in hot metal, the oxygen flow rate, and the manganese content in hot metal, the

SHAP values are positive, indicating that these factors have a positive correlation with the
scrap steel yield rate. High-temperature hot metal provides sufficient physical heat for con-
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verter smelting and significantly accelerates the melting process of scrap steel. On the one
hand, sufficient heat supply can reduce the residue of unmelted scrap steel and avoid the
scrap steel being wrapped by the slag due to insufficient temperature. On the other hand,
high temperature promotes the dissolution of lime and the improvement of slag fluidity,
reducing the probability of scrap steel loss due to insufficient slag-steel reaction. The SHAP
values show that the temperature of hot metal is one of the core factors for improving
the scrap steel yield rate; carbon is an important heat-generating element in the converter.
High-carbon hot metal releases a large amount of chemical heat through the oxidation
reaction during the oxygen blowing process, indirectly providing energy for the melting
of scrap steel. In addition, the CO bubbles generated by the carbon—-oxygen reaction can
strengthen the stirring of the molten pool and promote the heat and mass transfer between
the scrap steel and the hot metal [3]. From the perspective of metallurgical thermodynam-
ics, high-temperature hot metal provides essential physical heat, while the oxidation of
carbon and manganese releases critical chemical heat. This enthalpy input significantly
accelerates the melting kinetics of scrap steel. Sufficient heat supply reduces the residue of
unmelted scrap (skulls) and prevents scrap from being entrapped by viscous slag due to
supercooling. Furthermore, high temperatures promote lime dissolution and improve slag
fluidity, thereby reducing physical iron loss caused by poor slag-metal separation.

For silicon content in hot metal, endpoint temperature, total oxygen consumption and
sulfur content in hot metal, the SHAP values are negative, indicating a negative correlation
with the scrap steel yield rate. To improve the scrap steel yield rate, these values should be
reduced. Although silicon oxidation is exothermic, the generated SiO; requires substantial
lime for neutralization, significantly increasing slag volume. High-silicon hot metal tends
to form a high amount of slag, impeding full contact between scrap steel and the molten
pool and reducing melting efficiency [22]. Excessive total oxygen consumption reflects an
over-oxidized state of molten steel, causing iron elements in scrap steel to be oxidized into
FeO and enter the slag, resulting in chemical losses [23]. The negative SHAP values suggest
that strict control of the oxygen blowing endpoint is necessary to mitigate the adverse
effects of oxidative slag on the scrap steel yield rate. Sulfur must be removed by creating
high-basicity slag. High-sulfur hot metal requires more lime to form CaS, increasing
slag volume and physical losses from slag entrainment. An excessively high endpoint
temperature is often accompanied by over-blowing, intensifying steel oxidation and slag
thinning, which not only increases iron losses but also enhances slag’s encapsulation of
scrap steel.

4. Summary and Prospect

This paper developed a method for identifying scrap steel yield rates that integrates a
mechanism and data joint-driven approach. By constructing the scrap charging pattern
knowledge graph, using the LPA algorithm to find community, and establishing a physics-
informed neural network model based on the iron balance mechanism, the identification of
the hot metal yield rate and the scrap steel yield rate is achieved. The SHAP analysis method
is utilized in this paper to enhance the interpretability of the model from the perspective
of feature contribution. The proposed mechanism and data joint-driven identification
model for scrap steel yield rates based on knowledge graph community detection achieves
the highest identification precision, with an RMSE of 3.20 tons and an MAE of 2.62 tons.
Compared with the baseline mechanism and data joint-driven identification model for scrap
steel yield rates (without community detection), the proposed method reduces the MAE
by 26.6% (from 3.57 t to 2.62 t) and significantly improves the hit rate within +5 tons by
13.97 percentage points (reaching 87.55%). These improvements validate the effectiveness of
the community-based divide-and-conquer strategy in handling complex charging patterns.
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It has important application value for promoting the green and low-carbon transformation
of the iron and steel industry. Although the physics-informed neural network can achieve
a high accuracy in identifying scrap steel yield rates, there are still some limitations and
challenges: This model is trained based on ten types of scrap steel involved in the historical
data of a certain iron and steel plant. Therefore, when applied to identify the scrap steel
yield rate of new or previously unencountered scrap steel, transfer learning or retraining of
the model may be required. The model does not quantitatively decouple error transmission
from different types of measuring instruments, and the prediction fluctuation caused by
heterogeneous sensor precision is not independently modeled, which will be optimized in
follow-up research.

In future research, we will further optimize the model structure to enhance identifica-
tion accuracy and stability, so as to better serve the actual steel production. For heats with
abnormal conditions (e.g., over-blowing or insufficient oxygen blowing), targeted incre-
mental learning will be conducted in the future after more abnormal heats are collected,
given the limited amount of data currently available for such abnormal conditions. At the
same time, more production link data will be considered for incorporation into the model
to achieve comprehensive optimization and intelligent management and control of the steel
production process.
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