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Abstract. Studying the flow stress of various steel grades is one of the key issues for the viable operation of automation systems which support 

the production of rolled products with the required precision based on geometrical properties. A knowledge of flow stress is also important 
for the design of rolling mill equipment. The properties of flow stress are published mainly in the form of coefficients of various equations (for instance, 
the Hansel–Spittel equation). However, these equations are quite often limited in terms of process variables where they provide accessible result. 
It also should be taken into account that the existing rolling industry fabricates tens of steel grades, the chemical composition of which can vary 
in wide range depending on final thickness of the rolled products, customer requirements, or on the basis of economic considerations. Studies of 
the rheological properties of such amount of materials under laboratory conditions is expensive, time and labor consuming and published data 
does not provide data completeness. This work demonstrates that, using data from industrial rolling mills and methods of machine learning, it is 
possible to obtain data on material rheology with satisfactory precision. This allows laboratory studies to be avoided. Similar studies are possible 
due to high intensity of various sensors and instrumentation in modern rolling mills. The results of industrial data were compared with flow stress 
measured by   Gleeble. On the basis of this comparison the model was trained using gradient boosting in order to consider peculiarities of industrial 
production process. 
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Аннотация. Исследование сопротивления деформации различных марок стали является одним из ключевых вопросов для адекватной 

работы систем автоматизации, позволяющей получать прокат с требуемой точностью по геометрическим характеристикам. Кроме того, 
знание сопротивления деформации важно при проектировании оборудования прокатных станов. В литературе значения сопротивления 
деформации в подавляющем большинстве случаев приводятся в виде коэффициентов различных уравнений (например, Хензеля-
Шпиттеля). Однако зачастую данные формулы имеют ограничения по диапазону технологических параметров, где они дают приемлемый 
результат. Следует также учитывать, что на современном прокатном производстве изготавливаются десятки марок сталей, химический 
состав которых может варьироваться в широком диапазоне в зависимости от конечной толщины проката, требований заказчика или 
исходя из экономических соображений (наиболее выгодная композиция легирования). Исследование реологических свойств такого 
количества материалов в лабораторных условиях дорого, долгосрочно и трудозатратно, а литературные источники не обеспечивают 
полноты данных. В работе показано, что, используя данные с промышленных прокатных станов и методы машинного обучения, 
возможно получение сведений о реологии материала с удовлетворительной точностью. Это позволяет избегать проведения лабораторных 
испытаний. Подобные исследования возможны благодаря высокой насыщенности современных прокатных станов различными датчиками 
и средствами измерений. Проведено сравнение результатов промышленных данных со значениями сопротивления деформации, 
полученными на установке Gleeble. На основе данного сравнения выполнялось обучение модели на основе градиентного бустинга для 
учета особенностей технологического процесса при промышленном производстве. 

Ключевые слова: сопротивление деформации, расчет усилия прокатки, линейная регрессия, машинное обучение, градиентный бустинг, 
Gleeble, истинное напряжение, истинная деформация, уравнение Хензеля-Шпиттеля
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 Introduction

The design calculations of rolling equipment and 
development of new process modes are based on process 
power parameters (PPP), mainly rolling force. In gen-
eral terms, the calculation equations of contact stresses 
include directly the flow stress. Therefore, the precision 
of its detection influences directly on the PPP calcula-
tion error. Despite the available theoretical and empirical 
equations, which describe the influence of temperature, 
the strain rate and velocity on flow stress, their preci-
sion is not always acceptable during calculations for 
steel of new chemical composition. Therefore, the pre-
cise value of flow stress of steels and alloys of certain 
chemical composition should be reasonably determined 
by experimental means.

Several determination methods of flow stress are avai-
lable, such as tension, compression, cylinder torsion, and 
others. Flow stress determined under compression, ten-
sion, and torsion can be used with certain assumptions 
in calculations of contact pressure during rolling. This is 
attributed to differences under deformation development, 
under temperature conditions, and other factors [1].

Direct determination of flow stress can be established 
while rolling. The method of basis pressures can be used 
with this aim [2]. However, such an approach is more 
labor intensive and requires sufficiently powerful rolling 
equipment. In addition, the rolling of one sample at once 
and the same deformation provides sufficiently less data 
than compression tests, which present data in the range 
of true strain from 0 to ~1.

A significant expansion of knowledge about flow 
stress of metal under actual industrial conditions can 
be achieved by using statistic methods of processing 
large data arrays obtained from sensors and control sys-
tems of rolling mills. One year of operation of sheet 
rolling mill provides information of about two million 
passes [3, 4].

Using the above-mentioned values and validating 
the results by compression tests (Gleeble), it is possible to 
develop calculation procedure of flow stress on the basis 
of industrial data without supplementary laboratory stu-
dies.

Modern rolling mills are intensively equipped with 
sensors which allow very precise detection of actual pro-
cess parameters. The data obtained is collected at a high 
sampling rate, accumulated in files, and can be used for 
advanced statistical analysis. It should be mentioned that 
due to high scatter of parameters influencing the process, 
the data analysis from industrial rolling mills using clas-
sical methods is very difficult. In such cases machine 
learning methods are widely applied for data cleaning 
and highlighting of key features of the running processes. 
In other countries, neural networks are used for forecas-
ting the physical properties of hot rolled thick sheet (flow 
stress), rolling force, and other parameters. Using such 
models, it is possible to significantly decrease expenses 
of studies during development of new products.

For example, in [5] the neural network is used as adap-
tation of the various calculation methods of rolling force 
(Sims, Tselikov) in a single rolling mill. The initial data 
are both the standard rolling conditions (temperature, 
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compression, rolling geometry, and so on), and the calcu-
lated forces using the aforementioned procedures.

The researchers in [6 – 8] use machine learning 
me thods for description of curves obtained using Gleeble. 
This approach allows more precise data to be obtained 
than by classical approaches.

In [9], the use of general rolling parameters and a fully 
connected neural network, the authors successfully fore-
cast rolling force and moment.

In [10 – 14] the simulation of the plastic properties 
of various alloys at high temperatures are considered by 
means of fully connected neural networks. The features 
of this approach are discussed here.

Machine learning is also used for forecasting phase 
transformations during rolling and analysis of material 
properties, for which analytical dependences were not 
developed [15 – 19].

The aim of this work is to determine the thermo-
mechanical coefficients for calculating flow stress 
of selected steel on the basis of laboratory and industrial 
studies. In order to achieve the formulated target, various 
steel grades were analyzed by means of compression and 
rolling tests, their rheological properties were determined, 
and the model was proposed in accordance with machine 
learning methods for calculating coefficients of the Han-
sel–Spittel equation.

 Analyzed materials, procedures
 

and equipment

Four variants of chemical composition of steels were 
considered in this work used for production of rolled 
products for pipes, grade K52 – K60. The chemical com-
position of the steels considered is summarized in Table 1. 
Steels 1 – 4 are mentioned without grade specification in 
order to preserve confidentiality.

For steel 1, the tests on the Gleeble facility were 
carried out for basic chemical composition. However, 
the data from industrial rolling mill was analyzed using 
several variants of chemical composition, the main diffe-
rence being the content of niobium.

Compression test is one of the most popular methods 
used to determine rheological properties. This method 
allows carry out tests with high strain (about 60 %) and 
strain rate up to 20–30 s–1 to be carried out. In this work 
the compression tests were carried out on the Gleeble 
facility. A typical sample was a cylinder with the diameter 
of 10 mm and the height of 15 mm.

One drawback of the method is changes in the sample 
shape upon deformation from cylindrical to barrel type. 
To reduce barrel distortion, a lining made of graphite and 
tantalum foils was used between the dies and the sample 
(Fig. 1). The samples were tested in the temperature range 

T a b l e  1

Chemical composition of the considered samples, (wt. %)

Таблица  1. Химический состав исследуемых образцов, % (по массе)

Steel No. C Si Mn Cr Mo Ni Nb Ti V
1* 0.110 0.55 1.630 – – – – – –
2 0.060 0.26 1.820 0.17 – 0.27 0.034 0.016 0.031
3 0.165 1.40 0.475 – 0.025 – – – 0.030
4 0.090 0.21 1.690 – – 0.20 0.059 0.023 0.022

* Reference chemical composition for simulation.

Fig. 1. External view of the Gleeble 3800 test block (a), strain layout (b) and sample for the experiment (c) 

Рис. 1. Внешний вид испытательного блока Gleeble 3800 (а), схема деформации (b) и образец для эксперимента (c)
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of 750 – 1150 °C (with the increment of 50 °C) at three 
strain rates: 0.1; 1, and 10 s–1. Therefore, 30 tests were 
carried out for each steel grade. To obtain reliable results, 
a thermal cycle was applied consisting of:

– treatment for solid solution, in order to dissolve car-
bonitride particles;

– heating to 1150 °С; 
– preliminary strain (ε = 0.1); 
– holding up to complete static recrystallization; 
– cooling to test temperature; 
– main strain and quenching (Fig. 2). 
As a consequence of tests a set of discrete curves was 

obtained: true strain – true stress σ(ε).
Samples for tests on the Gleeble facility were fabri-

cated from industrial rolled products of the respective 
steel grades.

 Results and discussion

Partial test results of uniaxial compression of sam-
ples with the diameter of 10 mm and the height of 15 mm 
for steels 2 and 4 at the strain rate of 1 s–1 are shown in 
Fig. 3. 

The curves obtained can be subdivided into two types. 
The first type describe strain comprised simultaneously 
of strengthening and softening, and their ratio determine 
the form of the curve. At the same time, softening starts 
with very little strain dynamic. This tries to restore a previ-
ous state due to redistribution of dislocations. After achie-
ving equilibrium, the stress remains actually the same 
with increase in strain degree. The curves of the first type 

can be observed in a significant part of the considered 
range of temperature and strain parameters. For example, 
for steel 4 in Fig. 3 – these are the curves at 1050 and 
950 °C. 

The curves of the second type are obtained due to 
low activation energy under the given strain conditions. 
Dynamic recrystallization starts after achieving critical 
density of dislocations at certain strain. If the dynamic 
recrystallization starts before the achievement of equi-
librium state between strengthening and softening, then 
the following is observed decrease in stress with strain 
increase. The curves of the second type are observed 
in the region of higher temperatures and low strain rates. 
In Fig. 3, these are the curves at 1150 °C. 

As mentioned above, the results of compression tests 
on the Gleeble facility are true stress as a function of true 
strain. However, this dependence cannot be directly 
applied to the calculation of flow stress in strain source 
upon rolling due to discreteness of the curves. For correct 
use it is required to convert true stress into average stress 
using the following equation [20] 

Fig. 2. Test thermal cycle

Рис. 2. Термический цикл испытания

Fig. 3. Effect of temperature 1150 (1), 1050 (2), 950 °С (3) 
and true strain on true stress of steels 2 (а) and 4 (b) 

at a strain rate of 1 s–1

Рис. 3. Влияние температуры 1150 (1), 1050 (2), 950 °С (3) 
и деформации на истинное напряжение сталей 2 (а) и 4 (b) 

при скорости деформации 1 с–1
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          (1)

where σ(ε) is the stress curve obtained on Gleeble facility; 
ε1 , ε2 are the initial and final value of true strain at the seg-
ment.

Also, for ease of calculation of rolling modes, the true 
strain can be converted into a relative one using the fol-
lowing equation 

            εrel = 1 – e–ε. (2)

Figure 4 illustrates the curves before and after conver-
sion.

The influence of strain degree, strain rate and tempera-
ture obtained in the form of curves are often described by 
the Hansel–Spittel equation [1]

              σ = A1 A2 A3 εm1 um2 e–m3T σb , (3) 

where A1 , A2 , A3 , m1 , m2 , m3 are the empirical coefficients; 
e is the relative strain; u is the strain rate; T is the metal 
temperature; σb is the average flow stress at basic test 
parameters (in this work taken equal to ε = 10 %, u = 1 
s–1, Т = 900 °С).

To eliminate the influence of variations, all the curves 
were reduced to one basis in terms of strains. The con-
version procedure is illustrated in Fig. 5. On the basis 
of the obtained data linear regression analysis was carried 
out for Eq. (3), and the result of the approximation was 
the coefficients m0 = ln (A1 A2 A3σб ), m1 , m2 , m3

         ln σ = ln (A1 A2 A3 εm1 um2 e–m3T σb ); (4)

ln σ = ln (A1 A2 A3σb) + m1 ln ε + m2 ln u – m3 T.       (5)

As a result, the following equations were obtained for 
the considered steel grades:

       σsteel 1 = 2245 ε 
0.2864

 u 
0.1001

 e 
–0.00274T

 ; (6)

       σsteel 2 = 2827 ε 
0.3334

 u 
0.1097

 e 
–0.00288T

 ; (7)

       σsteel 3 = 1818 ε 
0.2544

 u 
0.1119

 e 
–0.00262T

 ; (8)

Fig. 5. Conversion algorithm of true stress – true strain to average flow stress – strain

Рис. 5. Алгоритм пересчета кривых истинное напряжение – истинная деформация в среднее напряжение течения – деформация

Fig. 4. Comparison of true (1) and average (2) stresses 
of flow of steel 2 at 1150 °C and strain rate of 1 s–1

Рис. 4. Сравнение кривых истинного (1) и среднего (2) 
напряжения течения стали 2 при температуре 1150 °С 

и скорости деформации 1 с–1
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       σsteel 4 = 2649 ε 
0.3142

 u 
0.0989

 e 
–0.00285T

 . (9)

Another possible method of obtaining data on flow 
stress is to analyze results from industrial rolling mills. 
In comparison with laboratory conditions, the industrial 
environment can entail higher strain degrees, complicated 
strain–stress states, significant temperature heterogeneity 
with large size of workpiece, non-standard friction condi-
tions and other factors, making obtaining of precise results 
more difficult.

In this paper it is proposed to use reverse calcula-
tions of flow stress from rolling force using classical 
approaches [2], based on data from industrial rolling 
mill 5000. Then, to calculate the coefficients of the equa-
tion of the Hansel–Spittel equation. The calculations were 
based on each separate pass (the data from more than 
310 thousand passes were studied). 

This work analyzed only roughing stage. The roll-
ing width was from 2500 to 4500 mm, and the thickness 
was from 50 to 350 mm. The remaining parameters in 
the learning sampling were varied as follows: strain from 
0.02 to 0.27; strain rate from 0.42 to 5.93 s–1, temperature 
from 920 to 1150 °C.

The flow stress was calculated using the data from 
rolling mill (thickness, compression, diameter of rolls, 
temperature and other process variables). This was based 
on a procedure similar but inverse to calculations of roll-
ing force according to Tselikov [2]. Based on the examp le 
of steel 1, let us consider the form of the dependence 
obtained in comparison with data from the Gleeble facil-
ity (Fig. 6).

At compressions more than 10 %, the properties deter-
mined by the two methods are identical, herewith, up 
to 10 % the flow stress from the rolling mill significantly 
exceed the data from Gleeble facility. We believe that 
this can be attributed to the features of recrystallization 
of the austenitic grain, as well as to errors in back calcula-

tion of flow stress when classical theories of rolling are 
used. It should be mentioned that this effect is observed 
not for all variants of steel grades but mainly for those 
containing niobium. 

To consider this, a model was developed on the basis 
of gradient boosting (Catboost library). As a learning sam-
pling, the data for steel 1 was taken for different chemical 
compositions (7 variants in total). 15 features were used: 
chemical composition, compression; time before passes; 
strain rate; rolling thickness; temperature and number 
of passes. The relative difference between the calcu-
lated flow stress from the rolling mill and the data from 
the Gleeble facility was taken as the targeted feature. 
The values obtained were subdivided into testing and 
learning samplings in the ratio of 75 – 25 %.

The RMSE (root mean square error) was taken as 
the loss function. In addition, the R2 metrics, coeffi-
cient of determination, was used for quality estimation 
of the obtained forecasted data.

The model was traoned by selection of optimum 
parameters using grid_search, and carried out as follows:

– ‘learning_rate’: [0.05, 0.1, 0.3];
– ‘depth’ (tree depth, that is, number of partitions 

before forecast): [4, 6, 8, 10];
– ‘l2_leaf_reg’ (coefficient of regularization l2): [4, 6, 8].
The best parameters were as follows: ‘depth’ = 8, 

‘learning rate’ = 0.3, ‘l2_leaf_reg’ = 6. The obtained pre-
cision of the model by the RMSE metrics is 3.2 MPa, 
R2 0.97.

The most important features  are illustrated in Fig. 7. 
As can be seen, the most important are the features directly 
influencing of strengthening and softening, namely: strain, 
niobium content, strain rate.

The model performance was then tested for steels 2 – 4. 
Dependences of flow stress based on data from rolling mill 

Fig. 6. Comparison of calculated flow stress using industrial data ( ) 
with data from Gleeble facility ( ) for steel 1 in two versions – with (а) and without niobium (b) 

Рис. 6. Сравнение расчетного сопротивления деформации при помощи промышленных данных ( ) 
и с установки Gleeble ( ) для стали 1 в двух вариантах – с ниобием (а) и без ниобия (b)
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before and after application of the model to the mentioned 
steels are shown below.

As can be seen in Fig. 8 and Table 2, application 
of the model significantly improves the accuracy of deter-
mining flow stress. For steel 2, the RMSE parameter 
decreased by 6.5 times, and the R2 parameter from nega-
tive value increased to 0.94. For steels 3 and 4, the result 
was less precise – RMSE: 5.37 and 5.88 MPa, R2: 0.89 
and 0.85.

On the basis of the data obtained, the coefficients 
of the Hansel–Spittel equation were calculated. Com-

parison with the data from the Gleeble is shown in 
Table 3. The coefficients differ mainly due to the features 
of description method of stress – strain curves. Therefore, 
it would be reasonable to compare not single coefficients 
but their combined action, that is, calculated flow stress. 
As can be seen in Table 2, the absolute calculated values 
by two procedures differ by 3 – 7 %. 

Therefore, application of the obtained coefficients 
provides satisfactory precision of determination of flow 
stress in the above-mentioned range of process variables. 
The models of flow stress obtained by statistical process-
ing of industrial data can be applied for engineering cal-
culations of PPP.

 Conclusions

The flow stress of four steel grades with various chemi-
cal compositions measured by Gleeble  was compared 
with the measurements at rolling mill 5000.

The discrete curves obtained in the experiments were 
approximated, and the coefficients of the Hansel–Spittel 
equation were determined.

It was demonstrated that upon calculation of flow 
stress on the basis of industrial data at compression less 
than 10 %, the data does not agree with those obtained 
at the Gleeble facility.

In order to account this phenomenon, it was pro-
posed to use the machine learning model based on gradi-

Fig. 7. Significance level of the model features

Рис. 7. Уровень значимости признаков для модели

T a b l e  2

Comparison of the determination precision of flow stress before and after application of the model

Таблица 2. Сравнение точности определения сопротивления деформации до и после использования модели

Steel 
No.

Before application of the 
RMSE model, MPa

Before application 
of the R2 model

After application of the 
RMSE model, MPa

After application 
of the R2 model

2 20.40 –8.850 3.74 0.938
3 9.15 0.574 5.37 0.887
4 17.20 –2.170 5.88 0.848

T a b l e  3

Comparison of the Hensel Spittel coefficients according to the data obtained from Mill 5000 and from Gleeble facility

Таблица 3. Сравнение коэффициентов Хензеля-Шпиттеля по данным, полученным со стана 5000 и с установки Gleeble

Steel No. сonst k1 k2 k3
2 (industrial data) 2607 0.345 0.143 –0.00279
2 (Gleeble data) 2827 0.333 0.109 –0.00288
3 (industrial data) 1547 0.163 0.184 –0.00275
3 (Gleeble data) 1818 0.254 0.111 –0.00262
4 (industrial data) 2321 0.276 0.166 –0.00286
4 (Gleeble data) 2649 0.314 0.098 –0.00285
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ent boosting (Catboost library) . The best model param-
eters were as follows: ‘depth’ = 8, ‘learning_rate’ = 0.3,  
‘l2_leaf_reg’ = 6. The model learning was based on 
industrial and laboratory data of one and the same steel 
grade with several variants of chemical composition. 
The obtained precision of the model with test selection by 
the RMSE metrics equals to 3.2 MPa, R2 is 0.97.

The use of this model allowed to achieve the precision 
of flow stress determination to be increased significantly. 
For steel 2, the RMSE parameter decreased by 6.5 times. 
The R2 parameter from negative, increased to 0.94. For 
steels 3 and 4, the results were less precise – RMSE: 5.37 
and 5.88 MPa, R2: 0.89 and 0.85.

A comparison of the industrial values of flow stress 
with the data obtained by Gleeble  demonstrated close 
results and the capability to use the described approach to 
analyze steel flow stress based on industrial data.
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