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Abstract: Accurate prediction of quality-relevant material parameters, such as thickness and grain 
size, ensures product quality in hot forming processes. This task becomes especially complex in hot 
rolling, where the sequential and time-dependent nature of the process results in pass schedules with 
varying numbers of passes and grain size evolution that depends on the deformation history. To 
address this complexity, this study aims to develop and train a deep learning model based on Long 
Short-Term Memory (LSTM) networks, which are well-suited for modelling sequential data. As input 
features for the model, process parameters such as rolling force and rolling temperature are used. 
Simulation data for both material and process parameters are acquired using Simulation as a Service 
(SaaS) through the Fast Rolling Model (FRM) called Rolling Calculation Tool (RoCaT), focusing on 
steel grade S355. RoCaT calculates rolling force, rolling temperatures, austenite grain size, strain, 
and strain rate by taking the geometry of the material, rolling speed, and pass schedule as input. The 
performance of the LSTM model is evaluated by analyzing loss curves over training epochs and 
comparing predicted values to reference data. The maximum relative percentage error for thickness 
between the LSTM predicted value and the thickness values entered as input to the RoCaT model is 
18.81% and 16.56%, respectively, for pass schedules of 15 and 17 passes, with a starting thickness 
of 205mm. Both the maximum relative percentage error value for the pass schedules is obtained at 
the initial passes, which indicates that the model finds difficulty in performing the predictions 
accurately during the initial passes, as compared to the later passes. The percentage of relative error 
values for grain size is also more pronounced during the initial passes as compared to later passes for 
both pass schedules. The statistical validation is performed on the denormalized data using metrics 
such as Root Mean Squared Error (RMSE), Normalized Root Mean Square Error (nRMSE), Mean 
Absolute Error (MAE), and R-Squared (R2), which demonstrate the model’s ability to predict key 
material properties in the hot rolling process reliably. The RMSE, nRMSE, MAE, and R² values for 
thickness are obtained as 45.21mm, 0.11 (-), 18.75mm, and 0.81 (- ), respectively. For grain size, the 
corresponding values are 25.82µm, 0.09(-), 13.43µm, and 0.91 (-).  

Introduction 
Hot rolling is a key thermo-mechanical process in metal forming, in which the thickness of a sheet 
material is reduced through successive deformation passes at elevated temperatures until the target 
gauge is attained. The sequence of these passes is known as the pass schedule. Designing a pass 
schedule requires appropriate consideration of both material and process parameters, as these 
influence the final product quality. Among them, the most critical quality-controlled parameters are 
the grain size and the thickness of the hot-rolled strip. The reduction in thickness and grain size of 
the hot-rolled strip influences mechanical properties, surface quality, and dimensional accuracy of 
the rolled product, which makes both quality parameters important. 

Smart manufacturing uses the acquired data from sensors and performs accurate decision-
making using digital technologies, resulting in an improvement in process efficiency, reliability, and 
product quality. The value of the manufacturing data lies in its ability to provide insights into process 
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behaviour, enabling the development of various data-driven models using advanced Information 
Technology (IT). Innovations such as the Industrial Internet of Things (IIoT), cloud computing, 
mobile internet, and Artificial Intelligence (AI) are driving automation and efficiency in modern 
manufacturing systems. Real-time data acquisition is achieved by deploying sensors throughout 
production environments. With AI-driven solutions, decision-making in smart factories increasingly 
shifts from humans to intelligent systems [1]. AI is a broader field that consists of machine learning 
and deep learning approaches. Machine learning involves algorithms that identify patterns within data 
to generate predictive or analytical outcomes. Deep learning is a subset of Machine Learning that 
uses neural networks with multiple layers, known as Deep Neural Networks (DNNs), to model 
complex relationships. Artificial Neural Networks (ANNs), composed of interconnected artificial 
neurons using nonlinear activation functions, form the foundation for DNNs. Among these, 
Convolutional Neural Networks (CNNs) preserve local spatial relationships and retain spatial 
information using convolutional layers [2].  

On the other hand, Recurrent Neural Networks (RNNs) are neural networks that are applied 
to sequential data to identify the patterns present in the data. RNNs consider both previous and current 
inputs because of their recurrent connections that pass information from the current step to the next 
step [3]. A simple RNN can only retain information about short sequences because of its short-term 
memory. To retain information about long sequences, advanced RNNs are developed that include 
Long Short-Term Memory (LSTM), bi-directional LSTM, Gated Recurrent Unit (GRU), 
bidirectional GRU, Bayesian GRU, and others [4]. A unidirectional LSTM and GRU perform the 
sequence processing only in the forward direction, which captures the dependencies from earlier to 
later time steps, whereas a bidirectional LSTM and GRU perform the sequence processing both in 
forward and backward directions, which learns from past and future time steps simultaneously.  

Several RNNs have been widely developed and used in the hot rolling process to perform 
predictions and anomaly detection, which are summarized below in Table 1.  
 

Table 1. Summary of the RNN models used in the hot rolling process  
 

Sources  Models Purpose Results 
 
 

[5] 

A Deep RNN model (2 
LSTM models), 
Convolutional Neural 
Network (CNN), and the 
Deep Belief Network (DBN) 

To predict the remaining 
useful life of a roller in a 
hot strip mill 

RMSE:11.05, 18.97, 
and 16.23, respectively 
 
MAE: 9.85, 15.74, and 
14.37, respectively 

 
 

[6] 

 
One GRU layer and two 
fully connected layers of 32 
neurons 

To predict the mean flow 
stress in industrial rolling 

RMSE: 0.038  
 
Flow stress value with 
a mean RMSE: 7.5 
MPa 

 
[7] 

Inception-LSTM Neural 
Network  

To predict the rolling 
force in the hot rolling 

MAE, RMSE, and R2 
score: 3.969, 5.487, and 
0.985, respectively 

 
 
 

[8] 
 

 
 
LSTM, Support Vector 
Machine (SVM), Random 
Forest, and ANN 

Online prediction of the 
mechanical properties, 
such as Yield Strength 
(YS), Ultimate Tensile 
Strength (UTS), and 
Elongation (EL)  

R2 values: 0.96, 0.935, 
0.940, and 0.942, 
respectively 
 
YS, UTS, and EL error 
values using LSTM: 
19.68 MPa, 18.18 MPa, 
and 1.840%, 
respectively 
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The previously discussed state-of-the-art indicates a wide usage of RNNs in the hot rolling 
process, but predicting the chosen quality-controlled parameters, thickness, and grain size together 
using the proposed LSTM architecture has not been investigated. The motivation for using LSTM for 
modeling the hot-rolling process is its ability to learn from sequential data effectively compared to 
normal neural networks. For each pass, the model predicts the thickness and grain size by taking the 
rolling force and temperature as inputs. As thickness and grain size in the hot rolling process at any 
given pass are influenced by the deformation history from earlier passes, it is important to retain 
information across the sequence. This memory retention justifies the use of an LSTM approach. The 
trained LSTM model learns the functional relationship between the process parameters and the 
material parameters, which are treated as the inputs and outputs of the model, respectively. After 
accurate learning of the relationship, the model can predict both the quality parameters for any given 
values of rolling force and temperature. In the end, the values obtained by predictions using the trained 
and developed LSTM model are compared with thickness values entered as input to the RoCaT model 
and the grain size values calculated as output from the RoCaT model, and statistical validation is 
performed to ensure the reliability and robustness of the developed LSTM model. 

Methodology 
Data acquisition is one of the main steps before training and developing Machine Learning and Deep 
Learning models. In this research, data acquisition is performed using a Fast Rolling Model and a 
previously developed Simulation as a Service. FRMs are developed based on mechanical assumptions 
called the slab method, coupled with semi-empirical equations. One such FRM is the Rolling 
Calculation Tool (RoCaT). [9, 10]. 

RoCaT is used to calculate strain, strain rate, rolling forces, and austenite grain size for a 
complete pass schedule as shown in Figure 1. It consists of physics and semi-empirical-based process, 
temperature, and microstructure evolution of the material. The inputs to the RoCaT are pass schedule, 
rolling mill data like the rolling speed, material parameters like the flow stress, density, and heat 
transfer coefficient, and material calibrated parameters for semi-empirical models. A major 
assumption that is taken into account while developing RoCaT is that it considers static 
recrystallization.  

 
Fig. 1. Schematic structure of the Fast Rolling Model RoCaT [9]  

 
RoCaT calculates the rolling force based on the equation developed by Sims and Wright [11], 

which depends on the contact length (ld), the width of the rolling stock (b), the mean flow stress (σm), 
and the geometric factor (Qp) that compensates for inaccuracies due to friction and shear, as discussed 
by Seuren et al. [12] and Lohmar et al. [9], shown in equation 6: 

 
F =  ld · b · σm · Qp                                                                                                                                (1) 
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RoCaT takes into consideration the static recrystallization, and the grain growth after static 
recrystallization is calculated using semi-empirical equations introduced by Beynon and Sellars [13]. 
The grain size after full static recrystallization (dsrx) calculation includes the accumulated equivalent 
strain (φacc), the average temperature (Tm), and the austenite grain size (d γ,0) as shown in equation 7: 
 
dsrx =  𝑑𝑑𝛾𝛾,0 

0.4 ·  𝜑𝜑𝑎𝑎𝑎𝑎𝑎𝑎−0.5 ·  exp (−4500/8.31 · T𝑚𝑚)                                                                              (2) 
 
Data Acquisition & Preprocessing. In this work, RoCaT is used to calculate different pass schedules 
for hot rolling as training data. The pass schedule consists of a thickness reduction in each pass, inter-
pass time, and the rolling velocity. While designing the pass schedule, the maximum allowed force 
and torque, energy consumption, and allowed tolerances of the ultimate tensile strength are 
considered [14]. The concept of Simulation as a Service is to remotely request simulations and help 
in achieving data for desired pass schedule. In this case, a SaaS [15] was developed for RoCaT, where 
a request is sent to RoCaT from the client-side, and RoCaT on the server-side performs the 
simulations for every pass, stores data in JSON format, and sends the result JSON back to the client. 
This kind of setup allows a process expert and a machine learning expert to collaborate efficiently. 

The material and process parameters that are considered in the hot rolling process are rolling 
thickness (H), grain size (DGS), rolling force (F), and rolling temperature. In rolling temperature, three 
rolling temperatures are considered: The temperature before the material comes in contact with the 
rollers (TBefore), the temperature just after the material leaves the roller (TAfter), and the temperature of 
the material at the end of the transport table (TEnd), respectively. The dataset consists of 3700 pass 
schedules of varying numbers of passes with starting thicknesses of 75, 85, 95, 105, 205, 305, and 
405 mm. The target grain size that is chosen is below 30 micrometers.  Each pass schedule is given a 
series_id number for identification, so there are 3700 series_ids. As the dataset consists of a varying 
number of passes, the concept of padding and masking is used. In the preprocessing step, the pass 
schedule with the maximum sequence length is taken, and the rest of the pass schedules are padded 
to that maximum length with zeros, so that all the sequences are of the same length, which makes it 
easier for batch training in LSTM. A masking layer is used in the model to ensure that the LSTM 
ignores padded zeros during training. The dataset consists of material and process parameters for the 
steel grade S355, which were previously determined [14] . While training the LSTM model, the data 
is split in the ratio of 70:30, where 70% of the data is used for training, and 30% is used for testing. 
Normalization is performed using MinMaxScaler, which is performed after data splitting. In order to 
prevent data leakage, MinMaxScaler is fit on training data, and using the same scaling parameters, 
the test data is also scaled before training is performed. In this study, a 3-fold cross-validation is used, 
in which the training dataset is split into three folds. One fold is used once as a validation set, while 
the remaining two folds are used for training. The final model is trained on the fold with the best 
validation performance.  
 
Long Short-Term Memory (LSTM) Architecture 
 

LSTM consists of three types of gates, the Input, Output, and forget gates. The purpose of the forget 
gate is to decide which information is required to keep or discard from the previous steps. The purpose 
of the input gate is to control the amount of new information in the current input, and the output gate 
is to control the output based on the current input. LSTM consists of a memory unit that helps to 
retain long sequences of memory. GRU consists of two gates, a reset gate and an update gate. The 
purpose of the Reset gate is to control the amount of past information that is going to combine with 
the current input. The purpose of the Update gate is to control the amount of new information that 
will replace the past information [16, 17]. The mathematical equations between the input and output 
of the LSTM [18] are defined by the following equations: 
 
it  =  σ (Wxi · xt  +  Whi · ht−1 +  Wci · ct−1  +  bi)                                                                                  (3) 
 
ft  = σ (Wxf · xt  +  Whf · ht−1  +  Wcf · ct−1  +  bf)                                                                                (4)  
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ct  =  ft · ct−1  +  it tanh (Wxc · xt  +  Whc · ht−1  +  bc)                                                                        (5) 
 
ot  = σ (Wxo · xt  +  Who · ht−1  +  Wco · ct +  bo)                                                                                   (6) 
 
ht  =  ot ·  tanh(ct)                                                                                                                                           (7) 
 

Equation 3 describes the update of the input gate, which takes into account the output (ht-1) of 
the last time step, the input of the current time step (xt ), the memory cell value of the last time step 
(ct−1), and a bias term (bt). Equations 4 to 6 represent the output of the forget gate, input gate, and 
output gate, respectively. Equation 7 represents the output of the current time step. Wxi, Whi, Wci, Wxf, 

Whf, Wcf, Wxc, Whc, Wxo, Who, Wco are different weight matrices, and bi, bf, bc, bo are the bias terms used 
in equations 3 to 7. 

In this section, an LSTM architecture is proposed for predicting the thickness and grain size 
simultaneously in the hot rolling process, as shown in Figure 2. The architecture of the LSTM model 
consists of one LSTM layer and uses four inputs and two outputs for the entire dataset. Input 
parameters of the LSTM model are considered as those that sensors can capture in real time. Output 
parameters influence the quality of hot-rolled sheets. The aim of developing the LSTM neural 
network is to capture the nonlinear functional relationship between the input parameters, which are 
rolling force and rolling temperatures, and the output parameters, which are thickness and grain size. 
By accurately learning the functional relationship, the developed LSTM model can predict both the 
output parameters closer to the RoCaT value. The learning of any Neural Network and model 
complexity is dependent on hyperparameters.  Hyperparameters are those parameters that are defined 
before training machine learning models. Hyperparameters regulate model complexity with the 
number of layers and nodes, and control the neural network learning using batch sizes, learning rate, 
initialization conditions, and momentum decay parameters [19]. Hyperparameters that are used in 
this research for the training of the proposed LSTM architecture are units, dropout, and batch size. 
Optimization of the hyperparameters is performed using optuna [20]. 50 to 128 units, 0.1 to 0.4 
dropout rates, and batch sizes of 8, 16, and 32 are used as the search space for optuna. 20 trials are 
conducted, and the optimal hyperparameter is obtained with 60 units, a dropout rate of 0.16, and a 
batch size of 16. Dropout is used to prevent overfitting of the neural networks. Overfitting occurs 
when a model performs well on the training dataset but fails to generalize to the test dataset [21].  The 
value of the units (nodes) and dropout used in the proposed LSTM are 60 and 0.16, respectively. The 
total number of epochs the LSTM model was trained on is 25, and the loss function used is Mean 
Squared Error (MSE). 

 
Fig. 2. Developed Long-Short Term Memory Architecture for predicting quality-controlled 

parameters of hot-rolled strip    
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Table 2 summarizes the architecture of the developed LSTM model. The proposed LSTM 
model uses a maximum sequence length of 38 passes present in the dataset. The input feature 
dimension is four, and the Dense output layer maps the LSTM outputs to two prediction targets. The 
batch size is “None,” which indicates that a flexible batch dimension is used during the construction 
of the model. The model contains a total of 15,722 trainable parameters. Trainable parameters are the 
internal weights and biases of the LSTM and Dense layers that the model learns, and using 
backpropagation, it gets updated during training. These parameters influence the learning capacity of 
the model and indicate the ability of the developed LSTM to capture patterns in the data. 
 

Table 2. Summary of the developed Long-Short Term Memory model  

 

Results & Discussion 
Loss curves are useful to analyze the training behavior of machine learning models as they can track 
changes in loss over each epoch and provide information regarding the performance and learning 
progress of the developed models. Figure 3 shows the pattern of training, validation, and test loss 
curves across epochs during the training of the LSTM model. The training and validation loss curve 
is obtained on a 70% training dataset that is split using a 3-fold cross-validation, and the best fold is 
shown, the test loss curve is obtained on a 30% test dataset. At the beginning of the training, MSE 
loss is high as the weights of the LSTM are randomly chosen, resulting in less accurate predictions. 
At the time of the training, adam optimizer adjusts LSTM weights to minimize the MSE loss. With 
the progress of the training, predictions by LSTM are closer to the RoCaT values, and the loss 
decreases. It can be concluded that as the training progresses, the model is learning the patterns 
present in the data better and improving, hence the loss curves show a downward trend. In training 
loss, a sharp drop is observed at the initial epochs because the model is able to quickly learn the 
pattern present in the data, then the curve decreases gradually to zero, and in the end stabilizes, which 
is an indicator of successful convergence of the model. Similarly, the validation and the test loss 
decrease gradually towards zero and eventually stabilize. The successful training of the LSTM model 
is indicated by the stabilizing nature of all three loss curves, and overfitting does not occur. 
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Fig. 3. Loss curves of the developed LSTM 

 
Using MSE as the loss function, the LSTM model is trained on the 70% dataset containing 

3700 pass schedules. After training, the developed LSTM model is used to predict thickness and grain 
size evolution along 500 different pass schedules with a starting thickness of 205 mm using the same 
rolling force and temperature as in the original dataset. Figure 4a and 4b show two examples for the 
starting thickness of 205 mm with 15 and 17 passes to compare the thickness and grain size values 
obtained from RoCaT and the predictions performed by the LSTM across the pass schedules. In both 
figures, it is observed that the developed LSTM model can capture the trend of both the quality 
parameters for the entire pass schedule. However, in Figure 4a, the maximum percentage of relative 
error for thickness between the thickness values entered as input to the RoCaT model and the 
predicted value by LSTM is obtained as 18.81%, and in Figure 4b, it is obtained as 16.56%. Table 3 
shows the relative percentage error of the thickness between the predicted value by LSTM and the 
thickness values entered as input to the RoCaT model in each pass. The significance of the maximum 
relative percentage error in both pass schedules is that, as both errors are observed during predictions 
performed at the early passes, the LSTM finds difficulty during early passes in performing accurate 
predictions. It is also observed that during predictions of both thickness and grain size, the LSTM can 
accurately describe the thickness evolution compared to the grain size evolution. For both figures 4a 
and 4b, the grain size evolution shows significant deviations between the grain size value calculated 
as output from the RoCaT model and the predicted value by LSTM, also higher during the initial 
passes, as compared to later passes, showing that the LSTM also finds difficulty in retaining 
information during initial passes. The time required to perform the calculations of rolling force, 
temperatures, and austenite grain size using the RoCaT model for the corresponding thickness shown 
in Table 3 is 1.5 and 1.6 seconds, respectively, for both pass schedules. In comparison, the time 
required by the trained LSTM model is 0.14 and 0.56 seconds, respectively, to perform the predictions 
of both quality parameters. Time comparison is performed on a processor specification with 16gb 
RAM, 13th Gen Intel ® Core ™ i5- 1335U processor, and 128 MB Intel® UHD Graphics. 
Nevertheless, the predictions performed by LSTM for a varying number of passes overall justify the 
predictive capability of the developed model. 
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Fig. 4. Predictions performed by the developed LSTM with: a) Pass schedule with 15 passes, b) 

Pass schedule with 17 passes 
 

Table 3. Thickness predictions and percentage error for a) pass schedule of 15 passes, b) pass 
schedule of 17 passes  

RoCaT 
(Thickness 

in mm) 
(a) 

Predicted 
with 

LSTM 
(Thickness 

in mm) 
(a) 

Relative 
Percent Error 
of LSTM (-) 

(a) 

RoCaT 
(Thickness 

in mm) 
(b) 

Predicted with 
LSTM 

(Thickness in 
mm) 
(b) 

Relative 
Percent Error 
of LSTM (-) 

(b) 

205 171.04 16.56 205 171.04 16.56 
200 171.98 14.00 200 171.98 14.00 

190.8 198.06 3.80 190.9 198.18 3.81 
172.7 205.2 18.81 183.9 202.78 10.26 
169 171.71 1.60 176.2 175.33 0.49 

163.4 152.40 6.72 170.8 155.49 8.96 
145.7 146.39 0.47 167.5 146.04 12.80 
129.4 139.44 7.76 156.7 142.13 9.29 
124.2 130.84 5.35 146.1 137.14 6.13 
117.7 121.14 2.92 129.8 131.78 1.53 
102.9 111.94 8.78 113.1 124.62 10.18 
96.8 101.19 4.53 110.6 114.77 3.77 
86.2 90.60 5.11 95.3 104.68 9.84 
81 79.73 1.55 92.7 92.83 0.14 

65.6 69.09 5.33 80.1 81.67 1.96 
   66.5 71.71 7.83 
   55.1 62.14 12.79 

 
The statistical validation is performed on denormalized data of the unseen test dataset to 

justify the reliability and robustness of the machine learning models. Performance metrics techniques 
such as Root Mean Squared Error, Normalized Root Mean Squared Error,  Mean Absolute Error, and 
R-squared score are used to assess prediction accuracy. Figure 5 shows the values of performance 
metrics obtained on the 30% test datasets, which are split during data preprocessing for both the 
output parameters, thickness and grain size. Here, RMSE calculates the square root of the average of 
the squared differences between the actual and predicted values as shown in Equation (8) and 
Equation (9), with n describing the number of observations, Yk the actual values, and Ýk the predicted 
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values. Normalized Root Mean Squared Error (nRMSE) is a dimensionless error metric that 
calculates the prediction error with respect to the range of actual data, as shown in Equation (10), 
where Ymax and Ymin are the maximum and minimum values of the actual data. MAE calculates the 
average sum of the absolute differences between the actual values and the predicted values shown in 
Equation (11). The R2 is a dimensionless metric that calculates the variance in the dependent variable, 
which is predicted by the independent variables, as shown in Equation (12), with SSR describing the 
sum of squares of residuals and TSS the total sum of squares. The value ranges from 0 to 1, where 0 
indicates the model is a poor fit and 1 indicates an ideal fit of the model to the data [22]  

MSE = 1/𝑛𝑛� �𝑌𝑌ₖ − Ýₖ�𝑛𝑛
𝑘𝑘=1 ²                                                                                                           (8) 

RMSE = √MSE                                                                                                                                   (9) 

nRMSE = ( RMSE
Ymax−Ymin

)                                                                                                                         (10) 

MAE = 1/𝑛𝑛� �⃒𝑌𝑌ₖ − Ýₖ⃒�
𝑛𝑛

𝑘𝑘=1
                                                                                                    (11) 

𝑅𝑅2 = 1 − 𝑆𝑆𝑆𝑆𝑆𝑆
𝑇𝑇𝑆𝑆𝑆𝑆

                                                                                                                                  (12) 

The results of error metrics and the coefficient of determination on the denormalized data 
indicate that the model's performance is acceptable in predicting both thickness and grain size. For 
thickness, the RMSE, nRMSE, and MAE are obtained as 45.21mm, 0.11(-), and 18.75mm, 
respectively. The predictions performed by the LSTM model closely match the values of RoCaT, 
while the R² value obtained is 0.81(-), which indicates a strong variance despite some deviations. 
Similarly, for grain size, the RMSE, nRMSE, and MAE are 25.82µm, 0.09(-), and 13.43µm, 
respectively, and the higher R² value of 0.91(-) compared to the thickness indicates strong predictive 
capability of the developed LSTM model. In this study, RMSE, MAE, and nRMSE for thickness are 
more compared to grain size, both in absolute and relative measures. Grain size has larger absolute 
errors, but a low value of nRMSE indicates that the model predicts it more accurately relative to its 
typical range. The variance of the target variable has a strong influence on the coefficient of 
determination (R²). The variance for the thickness is smaller, so even moderate prediction errors result 
in a larger drop in R², whereas the variance for the grain size is higher, so it is less affected by similar 
errors. Overall, these metrics show that the developed LSTM model verifies the reliability. However, 
the predictions for both the thickness and grain size could be further improved by using an attention 
layer, which is one of the core components of transformer architectures. 

 
Fig. 5. RMSE, nRMSE, MAE, and R2 score of the developed LSTM 
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Summary and Outlook 

The effect of rolling force and rolling temperatures on the quality-controlled parameters, thickness, 
and grain size in the hot rolling process is investigated in the present work. Considering the aim to 
predict both the quality parameters accurately, a Long Short-Term Memory is developed. Real-time 
application of the developed LSTM architecture is to perform online process monitoring during the 
hot rolling process by taking rolling force, rolling temperature as input, and thickness as output, and 
all three parameters can be captured by sensors in real time. Conclusions that can be drawn are that 
the prediction performed by Long Short-Term Memory can capture the trend of both the quality 
parameter during the entire pass schedule. However, deviations between the RoCaT values and the 
predicted value by the developed LSTM are observed. Another conclusion is drawn based on 
statistical validation. The validation of the developed LSTM model is performed using Root Mean 
Squared Error, Normalized Mean Squared Error, Mean Absolute Error, and R-Squared value. It is 
observed that the value of Root Mean Squared Error and Mean Absolute Error for thickness is high 
compared to the grain size, whereas the R-Squared value for grain size is better compared to the 
thickness. The RMSE, MAE, nRMSE, and R2 values suggest that the obtained results can be further 
improved. Both conclusions indicate that further investigation is required to make the predictions of 
both quality parameters more accurate. Further research will investigate the usage of other RNN-
based models, such as the Gated Recurrent Unit (GRU) and the combination of LSTM and GRU with 
an attention layer, which is one of the core components of the Transformer-based architecture. This 
combination of RNNs with an Attention layer will be performed to further increase the accuracy of 
the RNN models, as well as reduce the relative error percentage for both the quality parameters. 
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