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a b s t r a c t

Accurately soft sensing of the mechanical properties of hot-rolled strips is essential to ensure product
quality, optimize production, and reduce costs. However, it faces the difficulty caused by limited labeled
samples, for which co-training based semi-supervised learning offers a potential solution. So in this
paper, a novel soft sensing method for mechanical properties based on improved co-training (ICO) is
proposed. Compared with the existing co-training framework, the proposed ICO introduces improve-
ments from the aspects of multiple view partition, confidence estimation, and pseudo-label assignment.
Specifically, (i) in the stage of multiple view partition, ICO integrates metallurgical mechanisms of hot
rolling processes and statistical mutual information to achieve a balance between view sufficiency and
independence, which improves model performance and interpretability; (ii) in the stage of confidence
estimation, ICO evaluates the confidence of unlabeled samples at the cluster level rather than at the level
of a single sample, which facilitates the exploration of sample distribution and the selection of repre-
sentative samples; (iii) in the pseudo-label assignment stage, ICO adopts a safe pseudo-label algorithm
(which is called SAFER by its author and originally used for each single sample) to assign pseudo-labels
for cluster of samples with the highest confidence determined in the previous step stage, to take
advantage of the merit of handling unlabeled samples at the cluster level mentioned above on one hand,
and the merit of SAFER in enhancing the quality of pseudo-labels on the other hand. The proposed soft
sensing method effectively predicts mechanical properties on the real hot rolling dataset, achieving
approximately 5% improvement in R2 compared to traditional supervised learning.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

In the steel industry, the hot rolling process is crucial for pro-
ducing high-performance steel, which involves passing steel billets
through high-temperature rolling machinery to modify their shape
and properties. Typically conducted when the steel billets are in a
high-temperature state, this process enhances material pliability,
eliminates internal stresses, and improves physical properties [1].

The mechanical properties of hot-rolled strips, including yield
strength (YS), tensile strength (TS), and elongation (EL), are
important indicators to evaluate their ability to withstand various
external forces [2]. However, real-time measurement of the me-
chanical properties proves elusive due to intricate production
models, coupled variable relationships, and time-consuming in-
spection procedures [3]. Traditional mechanical properties testing
procedures, typically conducted after production, involve severing

samples several meters from the coil's end. This process, which
includes sample preparation and physical testing, is time-
consuming and reduces steel coil yields due to destructive cutting.

Soft sensing is aneffectiveway todealwith thedifficulty. It aims to
predict these important yet challenging-to-measure mechanical
properties by establishing models that link readily measurable pro-
cess variables with the target variables and can be further used to
optimize processes, guarantee product quality, and shorten produc-
tion cycles [4,5]. Many researchers have developed soft sensing
models based on physical metallurgy principles to predict the me-
chanical properties of hot-rolled strips [6]. However, the hot rolling
process is inherently complex, featuring uncertainty, high non-
linearity, and strong coupling. So the mechanism-based soft sensing
models may struggle to achieve accurate predictions of mechanical
properties and fail to meet the requirements of actual demands [7].

Consequently, an increasing number of studies have embraced
data-driven soft sensing models for hot-rolled strips, leveraging
extensive hot-rolling historical data, including alloy composition,
rolling process parameters, and subsequent heat treatments [8].
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Yang et al. [9] constructed a Bayesian neural network with twenty-
two features, including chemical composition, geometric di-
mensions, and rolling parameters, to predict the tensile strength of
hot-rolled products. Xu et al. [10] converted one-dimensional roll-
ing process data into a two-dimensional format and applied a
convolutional neural network to create a soft sensor for measuring
mechanical properties. Mohanty et al. [11] developed a deep neural
network for the prediction of elongation, yield strength, and ulti-
mate tensile strength of cold-rolled coils.

However, since the mechanical properties inspection in actual
production is only carried out on a small number of sampled steel
coils, it's difficult to accumulate enough data with the labels of
mechanical properties, which hinders the achievement of an accu-
rate soft sensing model based on supervised learning methods.
Semi-supervised learning offers a promising solution to address this
issue, which is applicable to the situations where the amount of
labeled samples is limited, while unlabeled samples (i.e. samples
with the measurable process variables but without the mechanical
properties) are easily accessible. Semi-supervised learning dexter-
ously utilizes unlabeled samples to broaden the training set, thereby
improving the performance of the soft sensing model [12,13].

Currently, many studies have implemented semi-supervised
learning for industrial soft sensors, which can be mainly classified
into four categories: active learning, graph, self-training, and co-
training based methods [14]. In active learning based methods,
the most informative unlabeled samples are manually labeled for
training a good performance model [15,16], which benefits from
expert knowledge, but is tedious and time-consuming [17]. Graph-
based methods build a graph structure based on the relationships
between labeled and unlabeled samples [18,19]. In this kind of
approaches, samples are typically defined as the graph's nodes, and
the similarity between samples is depicted as the graph's edges.
Then the pseudo-labels are assigned to unlabeled samples by label
propagation. Since graph-based methods consider local relation-
ships between data points, they can be robust to outliers [20].
However, the requirement of a known data distribution for con-
structing the graph limits the application of these methods in
dealing with data of complex distributions [21]. In addition, the
construction of complex graph structures may lead to increased
computational and storage burdens [22].

Compared to active learning based methods, both self-training
and co-training based methods augment the labeled dataset
through pseudo-labeling of unlabeled data. This reduces the need
for human annotators to label additional data, resulting in lower
annotation costs. In contrast to graph-based methods, self-training
and co-training based methods do not rely on explicit assumptions
about data distribution or graph structure, and therefore are more
adaptable to various datasets [23]. In the realm of soft sensors for
mechanical properties in hot rolling using semi-supervised
learning, most research has focused on self-training based
methods. Wu et al. [24] proposed a self-training soft sensing model
supporting Bayesian optimization deep neural network to elevate
mechanical properties by using both the labeled and unlabeled
data. Dong et al. [25] proposed a just-in-time learning-based soft
sensor for the mechanical properties of strip steel via multi-block
weighted semi-supervised models. They prioritized selecting un-
labeled samples that were most similar to labeled samples. And the
models' parameters were updated by utilizing the expanded
dataset including these unlabeled samples. One difference between
self-training and co-training lies in that self-training only uses a
single model, whereas co-training utilizes multiple models [26].
Soft sensing based on co-training involves trainingmultiple models
on the sufficient and redundant views [27]. Throughout the training
phase, each base model extracts valuable information from unla-
beled data and improves performance through mutual collabora-
tion [28].

Suppose the dataset X for training can be divided into a
labeled dataset XL ¼ fL;YLg and an unlabeled dataset XU ¼ fU;
YUg, where L and U are known feature matrices, YL is the known
label matrix corresponding to L, and YU is the unknown outputs
corresponding to U. Taking the case of two views as an example,
Fig. 1 illustrates the general framework of co-training methods,
which comprise the following four steps [26]: (i) View partition.
The features of L and U are divided into View 1 and View 2. Then
correspondingly, L is divided into L1 and L2, and similarly, U is
also divided into U1 and U2; (ii) Confidence estimation. By
feeding each unlabeled sample in U1 to Base Model 1 (denoted by
h1 in Fig. 1), which is trained on fL1; YLg, the label confidence of
unlabeled samples in U1 is evaluated one by one. Following the
similar procedure, the label confidence of the unlabeled samples

Fig. 1. Framework of co-training. To better distinguish features in View 1 and View 2, blue squares and red squares are respectively used to represent them in this figure.
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in U2 is also assessed by feeding them to Base Model 2 (denoted
by h2 in Fig. 1), which is trained on fL2; YLg; (iii) Pseudo-label
assignment. Pseudo-labels are assigned to the most confident
unlabeled samples in U1 and U2, respectively; (iv) Cross-
expansion of labeled datasets and updating models. The most
confident unlabeled samples from U1 and U2, along with their
corresponding pseudo-labels, are added to the labeled datasets
fL2;YLg and fL1;YLg, respectively, in a crossing way. Then with the
expanded labeled datasets fL1;YLg and fL2;YLg, h1 and h2 can be
updated, respectively. This iterative process of confidence esti-
mation, pseudo-label assignment, and cross-expansion of labeled
datasets allows the co-training framework to leverage unlabeled
data effectively and improve the performance of the models
through mutual collaboration [26].

Since step (iv), i.e. cross-expansion of labeled datasets and
updating models, remains consistent across co-training methods
[26,29,30], and no modifications are made to this step in our study,
we mainly review the primary strategies adopted by existing co-
training methods in steps (i) to (iii) i.e. view partition, confidence
estimation, and pseudo-label assignment. In the following, we will
describe the current methods for each of these steps, and discuss
their shortcomings and limitations.

Step (i) of co-training, view partition, as shown in Fig. 1, divides
the datasets XL and XU into two views fL1;Y1;U1g and fL2;Y2;U2g.
Typically, when partitioning views, two assumptions, i.e. the suffi-
ciency assumption and the independence assumption are expected
to be satisfied. The sufficiency assumption refers to that the data
partitioned into each individual view is sufficient to predict the true
label, while the independence assumption states that the data in all
views are conditionally independent [30,31]. Currently, there are
three main strategies for view partitioning [26]: (i) random view
partitioning [32,33], (ii) independence-based view partitioning
[34,35], and (iii) sufficiency-based view partitioning [36]. Random
view partitioning adopts the random division of original features,
which is inherently blind without considering the two assumptions
and is time-consuming [37]. Independence-based and sufficiency-
based view partitioning methods focus on either the indepen-
dence assumption or the sufficiency assumption, but cannot
effectively balance them, because as indicated in [38], the two as-
sumptions are inherently contradictory. Specifically, when views
are independent, the correlation among features within each view
is strong, making it challenging to ensure the sufficiency of views.
Conversely, when the sufficiency of views is strong, the features in
each view will be more comprehensive, and the independence
between views will diminish. In addition, the view partitioning
strategies mentioned above do not leverage domain-specific
knowledge, resulting in less interpretable partitioning results
[26]. Hence, during the step of view partitioning in co-training, it
remains challenging to balance the independence and sufficiency of
the views.

In step (ii) of co-training, confidence estimation is to evaluate
the label confidence of the unlabeled samples in U1 and U2, as
shown in Fig. 1. It is an essential step in co-training, because
correct confidence evaluation on each unlabeled sample is the
premise of selecting the most proper unlabeled sample and
assigning a pseudo-label to it in step (iii) and step (iv). At present,
the evaluation methods of label confidence can be summarized
into three categories: (i) those based on distances in prediction
results of different base models [39,40], (ii) those based on
feature similarity between samples [41,42], and (iii) those based
on model improvement [43]. Methods based on distances in
prediction results of different base models take the idea of voting,
i.e. higher label confidence is assigned to an unlabeled sample if
its prediction labels given by different base models are closer.
Evaluation based on feature similarity between samples is

performed based on the hypothesis that samples with similar
features are likely to have similar labels [44]. Thus, the greater
the similarity between the unlabeled sample and the labeled
samples in the neighborhood, the higher the label confidence of
the unlabeled sample.

Different from the aforementioned two classes of label con-
fidence assessment methods which are suitable for classification
tasks but challenging to apply to regression tasks for soft sensing
due to the continuous nature of label values, methods based on
model improvement can be used to deal with regression prob-
lems. For convenience, let u* denote an unlabeled sample in U*,
where * ¼ 1 or 2 corresponds to View 1 and View 2, respectively.
In the model improvement based confidence evaluation methods,
for View 1 or View 2 (i.e. * ¼ 1 or 2), the label confidence of u* is
assessed by comparing the fitting accuracy of h* on a set of
labeled samples in fL*;YLg (e.g. the set of k-nearest neighboring
labeled samples of u*), to the fitting accuracy of an updated
model, which is obtained by updating h* using the newly added
sample fu*; h*ðu*Þg. However, many methods based on model
improvement evaluate confidence at the level of individual un-
labeled samples, which can lead to the selection of non-
representative samples, especially those located at the edges of
the data distribution [4,45,46]. As a result, these methods may
fail to ensure the representativeness of the chosen samples,
leading to random model updates that can negatively affect the
model's robustness. This issue is further exacerbated during the
steps of pseudo-label assignment and cross-expansion of data-
sets. Such reliance on individual samples means that the model's
performance can be significantly influenced by outliers or mar-
ginal samples, making the learning process less stable and more
prone to fluctuations.

Step (iii) of co-training, pseudo-label assignment, involves
assigning pseudo-labels to themost confident unlabeled samples in
U1 and U2, as shown in Fig. 1. For convenience, let uM* denote the
most confident unlabeled sample (i.e. the sample with the highest
confidence) in U*, where * ¼ 1 or 2 corresponds to View 1 or View
2. It is intuitive that the output of h*, with uM* as input, i.e. h*ðuM* Þ
can be regarded as a reasonable pseudo-label of uM* [47,48]. How-
ever, it is difficult to ensure the quality of pseudo-labels obtained
based on this strategy, which may further lead to performance
degradation [49]. To address this issue, Li et al. [49] proposed a safe
pseudo-label technique, called SAFER in pseudo code, which in-
tegrates predictions from multiple models to reduce pseudo-label
errors and give a safe prediction that is no worse than a direct
supervised learner using only labeled data. Min et al. [29] further
proposed a self-paced safe co-training for regression (SPOR), which
uses the safe pseudo-label technique to enhance the quality of
pseudo-labels, and uses a self-paced paradigm for unlabeled sam-
ple selection. It is worth mentioning that although SPOR allows
multiple samples to be included in the labeled dataset in each
round, it still evaluates the confidence of each individual sample in
step (ii) (i.e. confidence estimation) and may lead to the problem of
random model updates.

Co-training shows promise in soft sensing methods when
labeled samples are limited, but it has not yet been explored in soft
sensing for the mechanical properties of the hot rolling process. To
address this gap and build on the motivations discussed above, we
propose an improved co-training (ICO) method for soft sensing of
mechanical properties of hot-rolled strips. Corresponding to clas-
sical co-training, ICO comprises four key steps: (i) multiple view
partition, (ii) confidence estimation for unlabeled sample clusters,
(iii) safe pseudo-label assignment, and (iv) cross-expansion of
labeled datasets. It is notable that ICOmainly makes improvements
in steps (i) to (iii) of classical co-training.
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In step (i), we develop a strategy for partitioning views on the
features of the hot rolling process based on the metallurgical
mechanism of hot rolling and the statistical analysis of mutual in-
formation. This strategy considers both the sufficiency and inde-
pendence of the views and achieves a balance between them
through a trade-off. Detailed view partition strategies will be pro-
vided in Section 3.1.

In step (ii), ICO innovates the confidence evaluation of unlabeled
samples at the sample cluster level, in contrast to the single-sample
level in the classical co-training methods. As opposed to a single
sample, a cluster of unlabeled samples is more likely to represent
the data distribution of the whole dataset, and is more likely to
contain representative samples [50e52]. Furthermore, a cluster of
samples contains richer information, facilitatingmodel updates in a
more favorable direction. Detailed algorithms are provided in
Section 3.2.

In step (iii), SAFER proposed by [49] is applied to the unlabeled
sample cluster with the highest confidence obtained in step (ii).
Unlike [49], where SAFER is applied at the single-sample level,
SAFER in this paper is applied at the cluster level of unlabeled
samples, which may benefit model updates by offering more
representative samples.

In conclusion, the contributions of this paper are summarized
below:

1) We propose an ICO framework, an improved framework based
on co-training, specifically designed for soft sensing of me-
chanical properties in hot rolling processes. ICO maintains the
universality of the co-training framework, allowing it to be
adapted to various regressor models and providing the flexi-
bility to choose the suitable regressors for different tasks and
data distributions.

2) ICO incorporates domain-specific knowledge of hot rolling and
statistical analysis to refine the view partition process. This
refinement achieves a balance between view sufficiency and
independence, which improves the soft sensing performance of
ICO as a multi-view method.

3) In ICO, confidence evaluation is performed at the sample
cluster level, where a confidence score is assigned to each
cluster of unlabeled samples. Compared to methods that
evaluate confidence at the single-sample level [24,25,53],
ICO's cluster-level evaluation better captures the sample
distribution and selects more representative samples.
And the richer information and representativeness of unla-
beled clusters provide more reliable guidance for model
updates.

4) ICO employs SAFER, a safety pseudo-labeling mechanism, to
calculate pseudo-labels at the sample cluster level. This im-
proves the quality of pseudo-labels, ensures the model's
robustness, and prevents model degradation caused by the use
of unlabeled samples.

5) Experiments are conducted to show that the proposed ICO
outperforms other supervised and semi-supervised methods in
soft sensing the mechanical properties of hot-rolled strips with
very limited labeled samples.

2. Preliminaries

2.1. The physical metallurgy mechanism in the hot rolling process

The process of hot rolling steel is a complex manufacturing
process that involves several macroscopic stages: (i) heating, (ii)
rough rolling, (iii) finishing rolling, (iv) cooling, and (v) coiling [53].
During the heating stage, steel plates are heated to a high

temperature in a furnace, which improves the material's plasticity
for subsequent plastic deformation [54]. In the rough rolling stage,
the cross-section of the steel plate is reduced, and its length is
increased, resulting in a thinner and wider plate. In the finishing
rolling stage, the steel plate's cross-section is further reduced, and
its thickness is altered while adjustments are made to the flatness
and surface quality of the strip [55]. The cooling stage lowers the
temperature of the strip to help control its microstructure, enhance
its mechanical properties, and solidify and adjust the material's
structure [56]. Finally, the hot-rolled steel strip is rolled into coils
during the coiling stage for storage, transportation, and further
processing [57].

Table 1 presents the microstructural changes and their related
variables in each macroscopic stage [58]. During the heating stage,
steel billets typically have an initial austenite structure. As they are
heated, the size and shape of the austenite grains change, which
ultimately affects the steel's final properties [59,60]. During the two
rolling stages, the steel undergoes mechanical deformation and
temperature variations, which may result in grain recrystallization.
This process replaces old grains with new and smaller ones,
relieving stress and enhancing the material's strength and tough-
ness [61,62]. In the laminar cooling process following steel rolling,
austenite phase transformations take place. The austenite trans-
forms successively into ferrite, pearlite, and bainite, significantly
altering the steel's hardness and strength [63]. During the post-
transformation structure, further precipitation of micro-alloy car-
bonitrides occurs, resulting in precipitation hardening. The micro-
structural changes and the related variables of each macroscopic
stage can be summarized in Table 1.

Leveraging the hot rolling mechanism as prior knowledge can
assist the co-training method in partitioning views more rationally,
offering an opportunity to achieve a balance between the suffi-
ciency and independence of views.

2.2. Notations

For the sake of clarity, we formally define the notations used
throughout this paper, even though some were introduced in
Section 1.

2.2.1. Notation 1
Suppose that the dataset X comprising N samples, D features,

and three mechanical properties (i.e. YS, TS, EL) can be catego-
rized into a labeled dataset XL ¼ fL;YLg2RNl�ðDþ3Þ and an unla-
beled dataset XU ¼ fU; YUg2RNu�ðDþ3Þ, where Nl and Nu are the
numbers of labeled and unlabeled samples, respectively.
L2RNl�D and U2RNu�D denote the feature matrices. YL2RNl�3

and YU2RNu�3 denote the mechanical properties corresponding
to L and U, respectively. It is worth noting that YL is
known and regarded as the label matrix of L, while YU is un-
known. In addition, let u denote the unlabeled samples
belonging to U.

2.2.2. Notation 2
Let F ¼ ff ðdÞ; d¼ 1;/;Dg represent the feature set corre-

sponding to the labeled dataset L along the feature dimension,
where f ðdÞ2RNl�1. Let K � 2 denote the number of views, then
both L and U can be partitioned into K sets corresponding to the K
views, i.e. fLkgk¼1:K and fUkgk¼1:K , where Lk2RNl�Dk and
Uk2RNu�Dk represent the labeled dataset and unlabeled dataset

under the kth view, respectively, and there is
PK
k¼1

Dk ¼D. In addition,

we use hk; k ¼ 1;/;K to denote the base regressor in each view.
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2.3. SAFER

Semi-supervised learning for regression tasks faces a challenge
in terms of model performance degradation when using unlabeled
data [64]. To tackle this issue, Li et al. [49] introduced a safe semi-
supervised regression method called SAFER. This method ensures
that after incorporating unlabeled data in the training, the model's
performance is at least not worse than that trained through fully
supervised learning with only labeled data [29].

In SAFER, to ensure that the generated pseudo-labels closely
approximate the ground truth and robustly provide safe pseudo-
labels even in the worst-case scenario (i.e. the quality of pseudo-
labels is not worse than the predictions by a fully supervised
model), an optimization problem is defined as [49],

max
p2Rjuj

kp0 � p*k2 � kp� p*k2 (1)

where u represents some unlabeled samples in U, as defined in
Section 2.2, and juj denotes the number of samples in u; p0 is the
predictions of u with the fully supervised regressor h0 trained only
using XL; p* represents the true labels of u, which is actually un-
known; p represents the pseudo-labels to be assigned to u by SAFER.

By estimating the unknown p* through the linear combination
of predictions frommultiple models, the optimization objective Eq.
(1) can be modified as Eq. (2).

max
p2Rjuj

min
a

���p0 �X
akpk

���2 � ���p�
X

akpk
���2X

ak ¼ 1
0 � ak � 1

(2)

where ak is the weight of base regressor hk; pk is the predictions of
u by hk.

According to [49], the optimal solutions of Eq. (2) is given by

~a ¼ argmin
���p0 �X

akpk
���2

~p ¼
X

~akpk
(3)

The pseudocode of the SAFER method is given in Algorithm 1
[65].

3. Methods

Fig. 2 shows the framework of the proposed semi-supervised soft
sensor for the mechanical properties of hot-rolled steel strips, ICO,
which includes four steps: (i) multiple view partition, (ii) confidence
estimation for unlabeled sample clusters, (iii) safe pseudo-label
assignment, and (iv) cross-expansion of labeled datasets and
updating models. In step (i), ICO innovates the view partitioning
strategy by constructing the mutual information vector M and the
stage vector S. The strategy balances the sufficiency and indepen-
dence of views to ensure the rationality of view partition. In step (ii),
ICO performs confidence estimation for unlabeled samples at the
sample cluster level. A cluster of samples contains richer information
relative to a single sample, such as the local distribution of samples,
making it more likely to update themodel in a favorable direction. In
addition, selecting a cluster of unlabeled samples at a time reduces
the time complexity of the algorithm. In step (iii), SAFER is employed
to assign pseudo-labels to the cluster of unlabeled samples with the
highest confidence, ensuring the accuracy of the pseudo-labels. The
step (iv) is to add the unlabeled sampleswith pseudo-labels obtained
in one view to the labeled dataset of another view. In this way, the
model in each view ismutually enhanced by incorporating unlabeled
samples from other views.

The first two steps would be detailed in Section 3.1 and Section
3.2. The third step has been covered in Section 2.3. The fourth step
closely resembles that in classical co-training, so it would not be
further elaborated.

3.1. Multi-view partition

In this paper, the high-dimensional features collected from the
hot rolling process include dimensional information, temperature
information, and chemical composition information. The process of
partitioning features into views is to allocate D features
F ¼ ff ðdÞ; d¼ 1;/;Dg to K views fVðkÞ;k ¼ 1;/;Kg. We first pro-
pose three vectors, i.e. the importance score vector I2RD, the
mutual information vector M2RK, and the stage vector S2RK.
Then based on them, we propose Algorithm 2 for view partition, to
enhance the ability to predict mechanical performance and balance
the sufficiency and independence of views.

Table 1
Microstructural changes and relevant variables in various macroscopic stages of the hot rolling process.

Macroscopic stage Microstructural changes Relevant variables

Heating Austenite crystallization Heating temperature, heating time, billet chemical composition
Rough rolling Austenite crystallization

Austenite recrystallization
Roller diameter, rolling pressure, rolling temperature

Finishing rolling Austenite recrystallization Roller diameter, rolling pressure, rolling temperature
Cooling Austenite phase transformation Cooling rate, cooling temperature
Coiling Precipitation Coiling temperature

Algorithm 1: SAFER

Input: Base regressors fh1;h2;/;hKg, unlabeled samples u, and the baseline
prediction p0 for u, i.e. p0 ¼ h0ðuÞ

Output: Predictions ~p for unlabeled samples u
1: Calculate the predictions for u by base regressors as pk ¼ hkðuÞ; k ¼ 1;/;K

2: Construct a kernel matrix M ¼ ½pTi pj�ij , i; j ¼ 1;/;K

3: Derive a vector v ¼ 2
�
pT1p0;/; pTKp0

�
4: Obtain the optimal ~a ¼ argminaTMa� vTa

5: Obtain the predictions for u as ~p ¼ P
~akpk

Algorithm 2: Multi-view partition

Input:Mechanical performance indicator YL , set of features F ¼ ff ðdÞgd¼1:D , and
tradeoff parameter b

Output: Set of views fVð1Þ;Vð2Þ;/;VðKÞg
1: Initialize VðkÞ; k ¼ 1 : K as an empty list
2: for d ¼ 1 : D do
3: IðdÞ ¼ MIðf ðdÞ;YLÞ
4: end for
5: Sort I from high to low and reorder F in this order
6: for d ¼ 1 : D do
7: Calculate the mutual information vector M according to Eq. (4)
8: Calculate the stage vector S according to Eq. (5)
9: kselect ¼ argminkðM þ b$SÞ
10: Add f ðdÞ to VðkselectÞ
11: end for
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In the following, we will define the vectors I, M, and S and
discuss their meanings.

(i) Importance score vector I

The importance score vector I2ℝD is defined as the vector
composed of the mutual information between each feature and the
mechanical performance indicators YL, i.e. I ¼
½Ið1Þ;/; IðdÞ;/; IðDÞ �T, with IðdÞ ¼ MIðf ðdÞ;YL Þ, where MIð$; $Þ
denotes the calculation of mutual information between two fea-
tures [66]. The importance score IðdÞ quantifies the contribution of
feature f ðdÞ to predicting mechanical performance, where a higher
score indicates greater informational content.

(ii) Mutual information vector M

The mutual information vector M shows the independence
between the feature currently being assigned and those already
assigned in the K views. Each element in

M ¼ ½Mð1Þ;/;MðkÞ;/;MðKÞ�T is defined as

MðkÞ ¼
8<
:

0; if VðkÞ is emptyX
f ðjÞ2VðkÞ

MIðf ðiÞ; f ðjÞ Þ; else (4)

where f ðiÞ is the feature currently to be allocated; MIð$; $Þ denotes
the mutual information operator that measures the mutual infor-
mation between features; VðkÞ is the feature sets of the kth view;
MðkÞ is the total mutual information for the current allocated
feature f ðiÞ with respect to the kth view.

(iii) Stage vector S

Features belonging to the same stage of microstructural evolu-
tion contain similar information. To ensure the sufficiency of views,

we formulate the stage vector S ¼ ½Sð1Þ;/; SðkÞ;/; SðKÞ�T based on
the metallurgical mechanism of hot rolling. Each element in S is
defined as

SðkÞ¼
8<
:

0; if VðkÞ is emptyX
f ðjÞ2VðkÞ

f ðiÞ5f ðjÞ; else (5)

Fig. 2. Framework of ICO. (i) Multi-view partition: Based on mutual information and mechanism, all features are divided into several views, as exemplified by the number of views
K ¼ 3; (ii) Confidence estimation for unlabeled sample clusters: Illustrated by the 3rd view as an example in this figure, unlabeled dataset U3 is first clustered, and then confidence
estimation is performed for each cluster, i.e. c3ðpÞ;p ¼ 1;2. Finally the cluster with the highest confidence is selected; (iii) Safe pseudo-label assignment: Use the SAFER algorithm to
assign pseudo-labels to the selected sample cluster; (iv) Cross-expansion of labeled datasets and updating models: Samples labeled with pseudo-labels are added to the labeled
datasets of other views, corresponding to fL1;YLg and fL2 ;YLg in this figure.
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where f ðiÞ is the feature currently to be allocated; the operation
rule of the operator 5 is defined as

f ðiÞ5 f ðjÞ¼
�
1; if f ðiÞ and f ðjÞ in the same stage
0; else (6)

To balance view sufficiency and independence, we trade off M,
representing the independence between views, and S, representing
the sufficiency of views. Then the allocation result of the current
feature f ðiÞ can be described as Eq. (7).

kselect ¼ argmin
k

ðM þ b$SÞ (7)

where M is the mutual information vector which represents the
independence between views; S is the stage vector which repre-
sents the sufficiency of views; b is the tradeoff between view in-
dependence and sufficiency; kselect is the view's index to which the
current feature f ðiÞ should be assigned.

In addition, we could also affect the balance between sufficiency
and independence of views by adjusting the number of views K .
Generally, as the number of views K increases, the number of fea-
tures within each view decreases, enhancing independence but
diminishing sufficiency. Conversely, as K decreases, sufficiency
improves but independence diminishes.

After the view partition, the original labeled set L is divided into
fLkgk¼1:K ; the original unlabeled sample set U is divided into
fUkgk¼1:K in the same way.

3.2. Confidence estimation for unlabeled sample clusters

Classical co-training typically evaluates the confidence of each
unlabeled sample and chooses one unlabeled sample with the
highest confidence in each round. However, to guarantee the
representativeness of the selected unlabeled samples, ICO adopts a
cluster-based strategy to create clusters of unlabeled samples and
then evaluates the confidence (CFD) of these clusters as Eq. (8).

CFDðckðpÞÞ¼ ðYL � hkðLkÞÞ2 � ðYL � bhkðLkÞÞ2 (8)

where ckðpÞ represents the pth cluster of unlabeled samples under

the kth view; hk represents the current regressor trained on XL; bhk
represents the updated regressor after using the ckðiÞ.

As a result, a cluster with the highest confidence among
unlabeled samples can be directly selected during each iteration
of training, which will be assigned pseudo-labels by SAFER in
step (iii).

Soft sensing of mechanical properties is a regression task
where the labels are continuous, so it's impossible to determine
the number of label categories as in classification tasks [50e52].
Therefore, when using clustering methods to analyze the
inherent distribution of data in regression tasks, it's generally not
appropriate to use clustering methods that require a known
number of categories, such as K-means [67]. Instead, it is more
appropriate to use clustering methods that don't require the
number of categories to be known in advance, such as density-
based clustering [68]. In this paper, we utilize the affinity prop-
agation (AP) algorithm [69] to create clusters of unlabeled sam-
ples. The AP algorithm clusters data points using message passing
to iteratively update responsibility and availability values,
resulting in high-quality cluster centers [70].

For a clearer description, the pseudocode for selecting unlabeled
clusters under a given view is presented in Algorithm 3.

To conclude, performing confidence estimation and pseudo-
label assignment at the sample cluster level offers two notable
benefits over conventional methods of using a single unlabeled
sample. Firstly, compared to a single sample, the sample cluster is
more representative, i.e. the sample cluster can better reflect the
distribution of the entire sample space, and a single sample is
likely to come from the edge of the sample space. So using
the clusters of unlabeled samples to update base models is a
more robust model optimization process, which helps to
address the problem of model degradation in semi-supervised
learning. Secondly, it greatly reduces the time complexity of the
algorithm.

3.3. ICO

The training process of ICO, as shown in Algorithm 4, begins
with partitioning views to obtain sets of samples with different
features. Next, the most confident cluster of unlabeled samples is
selected sequentially under each view, and the pseudo-labels of the
cluster samples are obtained using SAFER, presented in Algorithm
1. These clustered samples, along with their pseudo-labels, are in-
tegrated into the labeled sample set under other views. The re-
gressors are then updated using the augmented set of labeled
samples.

Algorithm 3: Confidence estimation for unlabeled sample clusters

Input: Labeled dataset Lk under the kth view, unlabeled dataset Uk under the kth
view, mechanical performance indicator YL , regressor hk under the kth view

Output: Selected unlabeled cluster cMk
1: APðUkÞ ¼ fckð1Þ;ckð2Þ;/; ckðPÞg//Cluster samples by AP algorithm
2: for p ¼ 1 : P do
3: byðpÞ ¼ hkðckðpÞÞ
4: Obtain bhk by training on ðLk;YkÞ∪ðckðpÞ; byðpÞÞ
5: Calculate label confidence CFDðckðpÞÞ according to Eq. (8)
6: end for
7: cMk ¼ argmaxCFDðckðpÞÞ

Algorithm 4: Training process of ICO

Input: Labeled dataset L, unlabeled dataset U, mechanical performance
indicator YL , the number of views K , maximum iteration T

Output: Regressors fh1;h2;/;hkg
1: Obtain labeled datasets fLkgk¼1:K and unlabeled datasets fUkgk¼1:K after view

partition by Algorithm 2
2: for k ¼ 1 : K do
3: Initialize regressor hk trained on Lk
4: end for
5: while t < T do
6: for k ¼ 1 : K do
7: Obtain the most confident unlabeled cluster cMk by Algorithm 3

8: Obtain pseudo-labels by SAFER algorithm byM ¼ SAFERðcMk Þ
9: Uk ¼ Uk � cMk //Remove the cMk set from the Uk set
10: for v ¼ 1 : K do
11: if vsk then

12: Lv ¼ Lv∪ðcMk ; byMÞ
13: end if
14: end for
15: end for
16: for k ¼ 1 : K do
17: Train hk on Lk .
18: end for
19: t ¼ t þ 1
20: end while
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During the testing process, a test unlabeled sample utest is
initially partitioned according to the consistent view partitioning
method used during training, resulting in features
utest1 ;utest2 ;/;utestK under each view. Utilizing the regressors
h1;h2;/;hk trained under each view, soft sensing of the current
unlabeled sample is achieved, defined as Eq. (9).

by ¼
X
k

gkhk
�
utestk

�
(9)

where gk represents the weight of each regressor. In the absence of
specific requirements, it can be set as 1=K .

Similar to the process of the cross-expansion of labeled datasets
and updating models in classical co-training, ICO effectively in-
tegrates information from different views, enhancing the model's
performance. Moreover, the strategy of exchanging views to
augment labeled samples efficiently alleviates the issue of error
accumulation.

4. Experiments

4.1. Data description and experimental setup

The raw dataset in the experiments was obtained from a
hot rolling production line of a steel factory, involving 34
types of steel. Based on the mechanism of hot rolling, 34 vari-
ables are selected for predicting target mechanical properties,
i.e. YS, TS, EL. The raw dataset is divided into a labeled dataset XL,
an unlabeled dataset XU , and a test dataset T . The numbers of
samples in each dataset are ðNl; Nu; NtÞ ¼ ð537; 1556; 744Þ,
respectively.

In the first step of ICO, i.e. multi-view partition, we need to
calculate two types of mutual information: the mutual information
between features and the mutual information between features
and threemechanical properties, as mentioned in Section 3.1. These
are illustrated in Figs. 3 and 4, respectively.

To demonstrate the effectiveness of our soft sensor method, R-
squared (R2), root mean square error (RMSE), and mean absolute
error (MAE) are used to evaluate the models' performance. The
formulas are as follows:

R2 ¼1�

PNt

n¼1
ðyðnÞ � byðnÞ2

PNt

n¼1
ðyðnÞ � yðnÞ2

(10)

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XNt

n¼1

ðyðnÞ � byðnÞ2
vuut (11)

MAE¼ 1
Nt

XNt

n¼1

jyðnÞ� byðnÞj (12)

where Nt is the number of the samples in test dataset T; yðnÞ is the
true label of the sample in T; and byðnÞ is the predicted value.

The ICO framework proposed in Section 3.3 is general and per-
mits the employment of any regressor model in both pseudo-
labeling and soft sensing, and therefore offers the flexibility of us-
ing the same or different regressor models in the two stages. So in
the experiments for comparison, we choose support vector
regression (SVR), multilayer perceptron (MLP) and convolutional
neural network (CNN) as the candidate regressors.

For the sake of clarity, the notation “ICO-*1-*200 is used to
represent the specific combination of models employed in pseudo-
labeling and soft sensing respectively, where *1 and *2 can be SVR,
MLP or CNN. For example, “ICO-MLP-SVR” refers to the ICO
framework utilizing MLP for pseudo-labeling and SVR for soft
sensing.

4.2. Selection of the number of views

The number of views (i.e. K) is a crucial factor that directly af-
fects the performance of the proposed ICO framework. An appro-
priate choice of K can enhance the model's ability to capture the
complex relationships within the data and fully leverage the ad-
vantages of the ICO framework. In this section, experiments
investigating the impact of different K on model performance in

Fig. 3. MI between features: (a) MI between process parameter features; (b) MI between chemical components.
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predicting the mechanical properties of hot-rolled strips will be
given, where the value of K varies from 2 to 6, and without loss of
generality, SVR is used as the base model for each view.

Fig. 5 shows the boxplots of RMSE values for mechanical
properties under different K . As K increases from 2 to 5, the
number of variables in each view decreases, which weakens the
sufficiency of each view but enhances the independence between
views. As shown in Fig. 5, the model's performance initially im-
proves as K increases from 2 to 3, but then deteriorates as K in-
creases to 5, with the best performance achieved at K ¼ 3. This
indicates that K ¼ 3 achieves a balance where each view contains
enough features to allow the regressors to learn meaningful pat-
terns on one hand, and a reasonable level of independence be-
tween views is maintained on the other hand. This balance
facilitates effective interaction and learning between the views
during the co-training process, ultimately leading to the best
performance for predicting the mechanical properties of hot-
rolled strips.

4.3. Soft sensing of mechanical properties

In this section, to show the effectiveness of ICO, ICO-SVR-SVR,
ICO-MLP-MLP, and ICO-CNN-CNN are first tested. The soft sensing
results are presented in Fig. 6, where the horizontal axis represents

the true values of YS, TS, and EL, and the vertical axis represents the
soft sensing predictions generated by ICO. The points closer to the
diagonals indicate better performance, as they represent higher
prediction accuracy.

To demonstrate the merit of ICO, a semi-supervisedmethod that
utilizes information from unlabeled samples to enhance soft mea-
surement performance, we conduct comparative experiments with
both supervised and semi-supervised soft-sensing methods. The
compared methods are as follows:

1) SVR [71]: the supervised support vector regression method.
2) MLP [71]: the supervised multilayer perceptron designed with

two hidden layers.
3) CNN [71]: the supervised convolutional neural network,

designed with two convolutional layers, pooling layers, and a
fully connected layer.

4) Self-SVR [72]: the semi-supervised SVRmodel based on the self-
training paradigm.

5) SELM [73]: the semi-supervised extreme learning machine with
graph Laplacian regularization.

6) Coreg [43]: the classical semi-supervised regression method
using two different k-nearest neighbor regressors.

7) Co-SVR [72]: the semi-supervised support vector regression
method based on the co-training paradigm.

Fig. 4. MI between features and three mechanical properties.

Fig. 5. The impact of the number of views: (a) YS; (b) TS; (c) EL.
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8) SSDBN [74]: the semi-supervised deep belief network designed
with the stacking of two fully connected layers.

Moreover, to ensure the robustness of the experimental results,
each experiment has been repeated 50 times, and the results are
presented in Table 2 including the mean and standard deviation of
each performance metric (see Tables 3 and 4).

By comparing the original supervised regression models, i.e.
SVR, MLP, and CNN, with their counterparts which cooperate with
our proposed ICO, i.e., ICO-SVR-SVR, ICO-MLP-MLP, and ICO-CNN-
CNN, it can be seen that significant performance improvements
are achieved in terms of R2, RMSE, and MAE, highlighting the ad-
vantages of integrating the semi-supervised learning strategies
within ICO.

Moreover, ICO-MLP-MLP generally outperforms other semi-
supervised methods, such as Self-SVR, SELM, Co-SVR, and Coreg,

which indicates that the strategies employed in ICO, including the
view partition, confidence evaluation, and pseudo-label assign-
ment strategies, are effective in improving the accuracy of soft
sensing.

It is worth noting that ICO-MLP-MLP and ICO-CNN-CNN
outperform ICO-SVR-SVR, indicating that the choice of different
regressor models impacts soft sensing performance. This will be
analyzed in detail in the next section.

4.4. Model selection for pseudo-labeling and soft sensing in ICO

As mentioned in Section 4.1, the proposed ICO framework is
general and permits the employment of any regressor model in
both pseudo-labeling and soft sensing. Depending on the specific
task requirements and dataset characteristics, ICO offers the flexi-
bility of using the same or different regressor models in the two
stages. In this section, using SVR, MLP and CNN as the candidate
regressors, we investigate the influence of model selection on the
soft sensing performance by exploring the combinations of SVR,
MLP and CNN in pseudo-labeling and soft sensing, i.e. ICO-SVR-SVR,
ICO-MLP-SVR, ICO-MLP-MLP, ICO-CNN-SVR, ICO-CNN-CNN.

Fig. 7 shows the R2 values of the five aforementioned models. It
can be seen that ICO-MLP-SVR achieves the best performance in
predicting YS, ICO-MLP-MLP performs best for TS, while ICO-CNN-
CNN and ICO-CNN-SVR achieve similarly good performance for EL.
In comparison to ICO-SVR-SVR, these particular combinations lead
to an improvement in R2 of approximately 0.024 for YS, 0.035 for
TS, and 0.049 for EL. These results demonstrate the ability of MLP
and CNN to capture complex nonlinear patterns, making them
effective in generating accurate pseudo-labels.

Moreover, the experimental results highlight the importance of
selecting appropriate regressor models for pseudo-labeling and

Fig. 6. The soft sensing performance of our methods: (a) YS; (b) TS; (c) EL.

Table 2
Performance comparison of different methods for soft sensing YS.

Models R2 RMSE MAE

Mean Std Mean Std Mean Std

SVR 0.8476 0.0179 41.8388 2.5258 27.6585 1.4695
MLP 0.8947 0.0149 35.0634 2.6945 23.6936 1.3212
CNN 0.8811 0.0177 37.0763 3.0609 24.0080 1.4387
Self-SVR 0.8629 0.0254 40.4690 3.3407 25.8975 2.2809
SELM 0.8807 0.0147 36.8915 2.0726 27.1365 1.4432
Coreg 0.8936 0.0226 33.3848 3.5807 24.4243 1.8118
Co-SVR 0.8879 0.0281 34.2620 3.9062 25.6682 2.7859
SSDBN 0.9206 0.0231 28.8364 3.2065 21.1700 2.0054
ICO-SVR-SVR 0.9071 0.0082 31.1598 1.4446 22.9035 0.9547
ICO-MLP-MLP 0.9285 0.0077 27.3698 1.4721 20.2121 0.8961
ICO-CNN-CNN 0.9238 0.0089 28.2473 1.4826 20.5268 1.0793

Table 3
Performance comparison of different methods for soft sensing TS.

Models R2 RMSE MAE

Mean Std Mean Std Mean Std

SVR 0.8227 0.0211 33.1689 1.9758 20.6948 1.3839
MLP 0.8914 0.0142 25.7423 1.7816 17.5330 0.9226
CNN 0.8744 0.0228 27.6314 2.6126 17.5952 1.2362
Self-SVR 0.8553 0.0338 29.9870 3.0394 18.6874 1.9719
SELM 0.8831 0.0208 26.0887 2.0052 18.6340 1.1853
Coreg 0.8420 0.0293 27.5257 1.7718 18.8239 1.0980
Co-SVR 0.8587 0.0335 29.2199 3.2612 18.7770 2.4004
SSDBN 0.9065 0.0331 23.3069 3.3201 16.7183 2.2913
ICO-SVR-SVR 0.8782 0.0109 26.6440 1.2614 18.4892 1.0333
ICO-MLP-MLP 0.9128 0.0110 22.5125 1.2411 16.2721 1.0619
ICO-CNN-CNN 0.8974 0.0116 24.7818 1.4409 16.8005 0.9277

Table 4
Performance comparison of different methods for soft sensing EL.

Models R2 RMSE MAE

Mean Std Mean Std Mean Std

SVR 0.5014 0.0371 3.5304 0.1830 2.4659 0.1139
MLP 0.5270 0.0525 3.2993 0.2349 2.4222 0.1455
CNN 0.5451 0.0516 3.3681 0.1998 2.3988 0.1155
Self-SVR 0.5148 0.0520 3.5044 0.2296 2.4553 0.1232
SELM 0.5359 0.0395 3.4248 0.1709 2.3421 0.0913
Coreg 0.5415 0.0489 3.3742 0.2088 2.3785 0.1775
Co-SVR 0.5085 0.0473 3.4700 0.2268 2.6340 0.1023
SSDBN 0.5610 0.0414 3.2014 0.1801 2.2914 0.0874
ICO-SVR-SVR 0.5246 0.0226 3.2988 0.1002 2.3483 0.0411
ICO-MLP-MLP 0.5534 0.0261 3.3679 0.1930 2.3589 0.0987
ICO-CNN-CNN 0.5733 0.0317 3.2708 0.1802 2.4706 0.0843
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soft sensing based on the data distribution and the specific soft
sensing task in practical applications. This adaptability is one of the
notable strengths of the ICO framework, as it enables customization
to diverse industrial and research scenarios, thereby enhancing the
overall performance and reliability of soft sensing.

It is worth noting that the results of ICO-SVR-SVR, ICO-MLP-MLP,
and ICO-CNN-CNN in Fig. 7 are consistent with those listed in Tables
2e4 of Section 4.3.

4.5. Sensitivity analysis of parameter b

In this section, taking ICO-SVR-SVR for soft sensing YS as an
example, we present a sensitivity analysis of the parameter b in Eq.
(7), which is crucial in the ICO for determining the tradeoff between
sufficiency and independence in the view partitioning step.

Fig. 8 illustrates the performance of soft sensing YS obtained
through a grid search, where b varies within the range from 0 to 50
with a grid size of 5. And for each value of b, we evaluate our model
using a standard 10-fold cross-validation. As b increases, the model
performance initially improves and then deteriorates. Notably, the
experimental results reveal that the model performs well when b is
in the range from 15 to 25. To further refine this range, a more
detailed search was conducted within the narrower range from 10
to 25, with a grid size of 1. The results indicate that the model's
performance remains relatively stable with minimal variation
around b ¼ 18.

4.6. Ablation study

To analyze the importance of several key ideas adopted in this
paper, we further conduct the ablation studies. Specifically, the
following two variants are analyzed:

(1) ICO-rvp: This variant replaces our view partition strategy,
which takes into account both independence and sufficiency,
with a random view partition strategy.

(2) ICO-ssl: This variant performs confidence evaluation and
pseudo-label assignment at a single sample level, rather than
the sample cluster level.

The results are summarized in Table 5. The comparison between
ICO-SVR-SVR and ICO-rvp highlights the significance of appropriate
view division in the co-training framework. The comparison be-
tween ICO and ICO-ssl shows the benefits of confidence assessment
and pseudo-label assignment of sample clusters on model
performance.

In addition, Fig. 9 shows the predictive performance of ICO-SVR-
SVR and ICO-ssl on the test set as training iteration increases. As the
number of training iterations increases, the prediction performance
of ICO-SVR-SVR steadily improves. In the early iterations, the
clusters with the highest confidence may contain more samples,
which helps to update the base regressors and improve its perfor-
mance on the test set quickly. In later iterations, primarily for
fine-tuning the base regressors, it ultimately stabilizes at a higher
predictive performance level. However, the performance curve of

Table 5
Ablation study results.

Properties Metrics ICO-rvp ICO-ssl ICO-SVR-SVR

YS R2 0.8618 0.8843 0.9071
RMSE 40.2449 36.7182 31.1598
MAE 26.3454 24.1535 22.9085

TS R2 0.8319 0.8626 0.8782
RMSE 32.0377 30.7754 26.6440
MAE 19.7381 18.8464 18.4892

EL R2 0.5071 0.5143 0.5246
RMSE 3.5493 3.5372 3.2988
MAE 2.4901 2.4564 2.3483

Fig. 9. The process of model improvement.

Fig. 7. The performance of different model combinations.

Fig. 8. Sensitivity analysis of parameter b.
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ICO-ssl is quite tortuous, indicating that the most confident sample
selected in each iteration may not necessarily update the base re-
gressors in the correct direction, potentially leading to the degra-
dation of the soft sensing model.

4.7. Performance evaluation with different label ratios

To evaluate the adaptability of the proposed ICO framework
under varying levels of supervision, experiments were conduct in
this section using different label ratios, including 10%, 20%, 30%, and
40%. For each label ratio, we employ the same dataset and pa-
rameters for both ICO-SVR-SVR and SVR to ensure the fairness of
the comparison. The experimental results are presented in Fig. 10.

When the label ratio is below 30%, there is a relatively high level
of uncertainty due to the scarcity of labeled data. In this scenario,
ICO-SVR-SVR demonstrates a clear advantage over SVR, indicating
its ability to utilize the unlabeled samples effectively by the ICO
framework. As the label ratio increases from 10% to 20% and then to
30%, both ICO-SVR-SVR and SVR show performance improvements.
However, the improvement of SVR is not obvious, suggesting that
relying solely on the labeled dataset is insufficient for accurate soft
sensing. In contrast, ICO-SVR-SVR exhibits a significant enhance-
ment in performance.

In conclusion, the experimental results demonstrate the effec-
tiveness and adaptability of ICO-SVR-SVR. It not only exhibits su-
perior performance in scenarios with limited labeled data but also
shows a consistent improvement trend as the amount of labeled
data increases.

5. Conclusions

In this paper, a novel co-training-based soft sensing method for
mechanical properties (ICO) has been proposed, which can effec-
tively predict the mechanical properties when labeled samples are
limited. ICO mainly consists of four steps: multiple view partition,
confidence estimation for unlabeled sample clusters, safe pseudo-
label assignment, cross-expansion of labeled datasets, and updat-
ing models. We make improvements upon classical co-training
methods in the first three steps. By integrating prior knowledge
of the hot rolling process and statistical analysis, we achieve a more
rational partition of views. Moreover, confidence estimation and
safe pseudo-label assignment are conducted at the cluster level of
unlabeled samples, ensuring more robust updates to the base
model in the following step. The performance of ICO is validated on
real hot rolling production line data. The experimental results
demonstrate that ICO outperforms both the supervisedmethod and
the classical semi-supervised method.

While this paper focuses on the soft sensing of hot-rolled steel,
the proposed ICO framework has broader applications. Future work
may extend ICO to various industrial scenarios by adapting feature
extraction and view partitioning to specific needs. Efforts will also

focus on optimizing regressor selection with advanced algorithms.
Additionally, we may integrate ICO with graph-based methods,
such as the view-consistent heterogeneous network (VCHN) [75],
which is also a multi-view method, similar to co-training. By
combining ICO's SAFER algorithm with VCHN's view-consistency-
driven pseudo-labeling, it is possible to enhance pseudo-label
generation and collaborative training for better performance.
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