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Abstract 

       Accurate prediction of creep deformation and rupture behavior is critical for evaluating the 

structural integrity and service life of metallic components operating at elevated temperatures. 

In this study, the high-temperature creep behavior and failure characteristics of 316L austenitic 

stainless steel were investigated experimentally at 675 °C and 725 °C under applied stresses of 

175-245 MPa and 120-180 MPa, respectively. Three ensemble machine-learning models, 

Random Forest (RF), Extreme Gradient Boosting (XGBoost), and Light Gradient Boosting 

Machine (LightGBM) were developed using temperature, applied stress, and measured creep 

strain as input variables, with experimentally recorded deformation time as the prediction 

target. A 70:30 training-testing strategy and five-fold cross-validation were employed. For the 

combined temperature-stress dataset, XGBoost achieved the highest independent-testing 

coefficient of determination ((R2 = 0.9945)), whereas LightGBM yielded the highest five-fold 

cross-validation (R2) of 0.9956. Conventional creep analysis yielded stress exponents of 6.9 at 

675 °C and 4.5 at 725 °C, while the apparent creep activation energy was approximately (Qc 

= 324 kJ mol-1). Larson–Miller analysis produced the strongest correlation at C = 22 (R2 = 

0.990). Post-creep SEM–EDS and fractographic analyses revealed Cr and Mo-rich carbide-

containing regions associated with localized grain-boundary damage and a transition from 

predominantly dimpled microvoid coalescence at 675 °C/175 MPa to more pronounced cavity- 

and crack-associated damage at 725 °C/120 MPa. The results reveal an integrated framework 
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combining machine learning, creep kinetics, and post-creep damage characterization for 

interpreting creep degradation and failure of 316L stainless steel. 

Keywords: Creep life prediction, 316L stainless steel, Machine learning, High temperature 

deformation, Failure analysis. 

1. Introduction 

316L austenitic stainless steel (ASS) is commonly used in high-temperature engineering 

applications, including power-generation [1, 2], nuclear [3, 4], automotive components [5], and 

chemical processing [6], and other systems in which corrosion resistance and mechanical 

stability are required [7-8]. However, prolonged exposure to elevated temperature under 

sustained mechanical loading can produce time-dependent creep deformation, microstructural 

degradation, damage accumulation, and eventual rupture [9, 10]. Reliable assessment of creep 

deformation and rupture life is essential for evaluating structural integrity, and remaining 

service life of components operating under severe thermo-mechanical conditions [11, 12]. In 

particular, an accurate description of the relationship between applied stress, temperature, creep 

deformation, and subsequent damage evolution is important for understanding the progression 

from time-dependent deformation to final failure. 

Creep rupture life is commonly estimated using empirical and semi-empirical time-temperature 

parameters, including the Larson-Miller, Manson-Haferd approaches [13-15]. These methods 

provide convenient correlation among temperature, applied stress, and rupture time, but their 

predictive capability depends on the assumed functional form and the range of experimental 

data used for calibration. Such correlations are particularly useful for establishing global trends 

in rupture behavior, but they do not explicitly describe the nonlinear relationship between the 

evolving creep strain and the corresponding deformation time. In materials exhibiting nonlinear 

interactions among stress, temperature, deformation, and microstructural evolution, data-
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driven methods can provide an alternative framework for representing experimentally observed 

relationships. 

Machine-learning (ML) methods have increasingly been applied in materials engineering 

because they can represent nonlinear relationships among multiple variables without 

prescribing a specific constitutive form. Random Forest (RF), Extreme Gradient Boosting 

(XGBoost), and Light Gradient Boosting Machine (LightGBM) are particularly attractive for 

small- to medium-sized tabular datasets because of their ability to capture nonlinear feature 

interactions [16-18]. Recent studies have demonstrated the application of ML algorithms, 

including artificial neural networks (ANNs), support vector regression (SVR), and ensemble-

learning methods, for predicting the creep and fatigue behavior and service life of metallic 

materials [19, 20]. More recently, ensemble algorithms, including RF, XGBoost, and 

LightGBM, have demonstrated strong predictive capabilities in materials science applications 

because of their ability to capture nonlinear relationships and interactions among multiple input 

variables [21, 22]. Hybrid and physics-informed ML approaches have also been increasingly 

investigated for creep-life prediction by incorporating experimental data, computational 

modelling, and physically meaningful descriptors [23,24]. Nevertheless, high statistical 

prediction accuracy alone does not establish the physical mechanisms responsible for creep 

deformation or rupture. 

Our previous studies investigated the application of molecular-dynamics (MD) simulations 

combined with ML approaches to describe the deformation and creep behavior of Fe-Cr-Ni 

alloys [25, 26]. These studies demonstrated the potential of data-driven approaches for 

describing temperature and stress-dependent deformation behavior. However, computationally 

generated datasets and experimentally measured creep-rupture data represent different sources 

of materials information. Experimental creep testing directly incorporates the combined effects 

of material condition, temperature, applied stress, microstructural variability, and damage 
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evolution. Therefore, experimental validation of data-driven models using actual creep-rupture 

data is necessary to determine whether the relationships learned from computational or 

numerical datasets remain representative of experimentally observed material behavior. 

Several researchers have applied ML methods to creep-life prediction using experimental 

datasets for steels and other metallic materials [27-30]. Wang et al. [28] developed a Bayesian 

convolutional neural network with uncertainty quantification for creep-life prediction in steels, 

while Zare et al. [29] investigated ML-based prediction of creep lifetime in 9Cr-1Mo steel. 

            Despite these developments, an experimentally grounded framework that 

simultaneously examines ML-based creep-response prediction, conventional creep kinetics, 

and post-creep damage and fracture characteristics of 316L stainless steel under multiple 

temperature-stress conditions remain comparatively limited. More importantly, a high 

coefficient of determination obtained from ML models does not by itself demonstrate improved 

understanding of creep degradation, because the models primarily reproduce statistical 

relationships contained in the experimental dataset [31]. A more physically informative 

assessment therefore requires the ML results to be interpreted together with conventional creep 

parameters, including the stress exponent, apparent activation energy, and Larson–Miller 

parameter, as well as direct evidence of post-creep microstructural and fractographic damage. 

Such an integrated analysis can establish a clearer connection between the macroscopic creep 

response, data-driven prediction, and the underlying damage and failure characteristics.  

            Accordingly, the present study investigates the high-temperature creep and rupture 

behavior of 316L ASS at 675°C and 725°C under multiple applied stresses. Three ensemble 

ML models, RF, XGBoost, and LightGBM are evaluated for reproducing the experimentally 

recorded creep deformation-time response using temperature, applied stress, and measured 

creep strain as input variables. Conventional creep analysis is performed to quantify the stress 

dependence, temperature dependence, and rupture-life correlation through the stress exponent, 
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apparent activation energy, and Larson-Miller parameter. Post-creep SEM-EDS and 

fractographic analyses are further employed to identify localized grain-boundary (GB) damage, 

carbide-containing regions, cavity formation, crack development, and fracture characteristics. 

The study therefore aims to establish an integrated experimental–data-driven framework in 

which ML prediction is quantitatively evaluated and physically interpreted using conventional 

creep kinetics and post-creep damage observations. Particular attention is given to the 

distinction between reproducing experimentally recorded deformation-time behavior and 

making prospective predictions of previously unknown rupture life, thereby defining the 

applicability and limitations of the present ML framework. 

2. Methodology 

The overall workflow consisted of experimental creep testing, preparation of the 

experimentally measured creep dataset, machine-learning-based prediction of the recorded 

creep deformation-time response, conventional creep analysis, and post-creep microstructural 

and fractographic characterization. The workflow was designed to connect the measured 

macroscopic creep response with data-driven prediction and independent physical 

interpretation through conventional creep parameters and post-rupture observations. The 

overall framework is shown schematically in Fig.1. 
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Figure 1 Schematic representation of the experimental and machine learning framework for 

prediction of experimentally recorded creep deformation time and failure analysis of 316L 

stainless steel. 

 

2.1 Experimental creep testing 

316L stainless steel was selected because of its corrosion resistance and mechanical stability 

at elevated temperatures. Standard creep specimens were prepared in accordance with ASTM 

E139 [32]. Constant load creep tests were conducted at 675 °C under applied stresses of 245, 

210, and 175 MPa and at 725 °C under applied stresses of 180, 150, and 120 MPa. All creep 
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tests were continued until rupture, and the corresponding time-dependent creep strain was 

continuously recorded throughout each test. Temperature and applied load were controlled 

throughout each test to ensure consistency. The resulting creep curves were used both for 

conventional creep analysis and for constructing the machine-learning dataset. 

After rupture, specimens were prepared for microstructure and fractographic examination by 

sequential polishing to 2500 grit, followed by alumina and colloidal-silica polishing. The 

polished surfaces were etched for 10 min using a modified (15 mL HCl + 5 mL HNO₃ + 5 mL 

glycerol) etchant, and examined using an SU7000 scanning electron microscope equipped for 

EDS analysis. 

2.2 Data preparation and preprocessing 

The experimental dataset comprised three input variables: test temperature (T), applied stress 

(σ), and experimentally measured creep strain (ε). The corresponding experimentally recorded 

deformation time was used as the output variable. Thus, the ML problem was formulated as a 

nonlinear mapping between temperature, applied stress, creep strain, and the corresponding 

recorded deformation time. Each data point represents a measured creep-strain value at a 

specific recorded time under a defined temperature and applied-stress condition. Therefore, the 

present ML formulation evaluates the ability of the models to reproduce the experimentally 

observed deformation-time response rather than directly predicting an unknown future rupture 

time from early-stage creep data. 

Before model development, the dataset was preprocessed to remove inconsistencies and ensure 

data quality. The temperature, applied stress, and creep-strain values were retained as the model 

features, while the recorded deformation time was treated exclusively as the target variable. 

The dataset was divided into training and testing subsets using a 70:30 ratio.  

Because the experimental measurements originate from individual creep curves, observations 

belonging to the same curve are physically correlated. This correlation was explicitly 
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considered when interpreting the validation results, and the present point-wise data split is 

therefore regarded as an assessment of predictive performance within the available 

experimental dataset rather than as complete specimen-level generalization [33, 34]. 

2.2 Machine learning models and evolution 

Three ensemble learning algorithms Random Forest (RF), Extreme Gradient Boosting 

(XGBoost), and Light Gradient Boosting Machine (LightGBM) were employed to predict the 

experimentally recorded creep deformation time. These models were selected to provide 

complementary tree-based ensemble approaches for representing nonlinear interactions among 

temperature, applied stress, and creep strain. 

RF is a bagging-based technique that reduces variance by averaging predictions from multiple 

decision trees constructed from randomly selected subsets of the data [35]. XGBoost and 

LightGBM are boosting-based methods that iteratively improve prediction performance by 

minimising a regularised loss function [36,37]. XGBoost incorporates L1 and L2 regularization 

to control model complexity, whereas LightGBM employs histogram-based learning and leaf-

wise tree growth for computationally efficient gradient boosting. The models were trained 

separately for the 675°C dataset, the 725°C dataset, and the combined temperature–stress 

dataset. This enabled evaluation of model performance both within individual temperature 

regimes and across the complete experimental domain. 

The hyperparameters of the three models were optimised through systematic parameter 

screening over predefined ranges. The selected hyperparameters are reported in Table 1. 

Predictive performance was assessed using mean absolute error (MAE), root mean square error 

(RMSE), and coefficient of determination (R²) was calculated as follows: 

Mean Absolute Error (MAE) 

MAE = 
1௡ ∑ ௜ݕ| − ௜|௡௜=1ݕ̂                                                    (1) 

Root Mean Square Error (RMSE) 
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ܧܵܯܴ   = √1௡ ∑ ௜ݕ) − ௜)2௡௜=1ݕ̂                                            (2) 

Coefficient of determination (R2) ܴ2 = 1 − ∑ (௒೔−௒̂೔)2೙೔=1∑ (௒೔−௒̅)2೙೔=1                                                       (3) 

Where   Yi and ܻ̂௜  represent the experimental and predicted values respectively, ܻ̅ denotes the 

mean of actual values, and N is the total number of data points. 

Table 1: Selected hyper parameter values for RF, LightGBM and XGBoost model for 

individual dataset. 
 

725 ºC 675 ºC Both 

Temperature 

Stress (MPa) 120 150 180 120, 150, 

180 

175 210 245 175, 

210, 245 

120, 150, 180, 

175, 210, 245 

RF          

n_estimator 100 100 100 100 100 100 100 100 100 

min sample split 2 2 2 2 2 2 2 2 2 

Max Depth 10 10 10 10 10 10 10 10 10 

Min sample leaf 2 2 2 2 2 2 2 2 2 
          

LightGBM 
         

n_estimator 150 150 150 150 150 150 150 150 150 

Learning rate 0.03 0.03 0.04 0.03 0.8 0.8 0.03 0.09 0.2 

Max Depth 10 10 10 10 10 10 10 10 10 

Min child sample 12 12 12 12 10 10 8 8 12 

Number of Leaves 4 4 4 4 4 4 4 4 4 
          

XGBoost 
         

n_estimator 100 100 100 100 100 100 100 100 100 

Learning rate 0.05 0.04 0.04 0.08 0.05 0.06 0.06 0.9 0.08 

Max Depth 10 10 10 10 10 10 10 10 10 

Min child weight 9 9 9 9 9 9 9 15 8 

 

2.3 Model validation and hyperparameter optimisation 

The machine-learning models were developed using a 70:30 training to testing split. The testing 

subset was kept completely independent from model training and hyperparameter optimization. 

Hyperparameters were optimized within predefined parameter ranges using five-fold cross-

validation performed only on the training dataset. (R2), RMSE, and MAE were used as the 

criteria for selecting the optimal hyperparameter combination. 
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After optimization, the final models were retrained using the complete training dataset with the 

selected hyperparameters and subsequently evaluated using the independent testing dataset. 

Thus, the reported testing performance was obtained only after completion of model training 

and hyperparameter optimization. An important consideration is that the present five-fold 

cross-validation was performed at the individual data-point level. Because multiple 

measurements originate from the same experimental creep curve, measurements from a given 

curve can occur in both training and validation folds. Consequently, the cross-validation results 

quantify model stability within the available dataset but should not be interpreted as fully 

independent specimen-level generalization. This distinction is important because the present 

study is intended to evaluate the ability of the ensemble models to reproduce experimentally 

measured creep deformation-time relationships within the investigated temperature, stress, and 

strain domain. Where independent creep-curve validation is performed in a subsequent 

analysis, the individual creep curve will be treated as the grouping unit so that all measurements 

from a given curve remain within either the training or testing subset. Such a curve-level 

analysis would provide a stricter assessment of generalization and should be reported 

separately from the present point-wise validation. 

2.4 Conventional creep analysis 

The effects of applied stress and temperature on creep behavior of 316L austenitic stainless 

steel were characterized by conventional creep parameters. The experimentally measured creep 

data were used to determine the stress exponent, Larson-Miller parameter (LMP) and apparent 

activation energy. The stress dependence of the minimum creep rate was evaluated using the 

Norton power-law relationship [38]: ߝ௠̇௜௡ =  ௡                                                      (4)ߪܣ
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where ߝ௠̇௜௡is the minimum creep rate (h-1), ߪ is the applied stress (MPa), ܣ is a material-

dependent constant, and ݊ is the stress exponent. The stress exponent was obtained from the 

slope of a linear least squares regression of ln (ߝ௠̇௜௡) against ln(ߪ) 

Thus, the stress exponent ݊ was determined from the slope of a linear least-squares regression 

of ln(ߝ௠̇௜௡) versus ln(ߪ). The analysis was performed separately for the three applied stress 

levels at 675 °C (175, 210, and 245 MPa) and 725 °C (120, 150, and 180 MPa). The resulting 

stress exponents were 6.9 and 4.5 at 675 °C and 725 °C, respectively. 

The temperature dependence of creep rupture life was evaluated using the Larson-Miller 

parameter [39]: ܲܯܮ = ܥ)ܶ +  ௥)                                                     (6)ݐ10݃݋݈

where ܶis the absolute temperature (K), ݐ௥ is the experimentally measured rupture time (h), 

and ܥ is the Larson-Miller material constant. LMP values were calculated using ܥ = 20 and ܥ = 22, and linear least-squares regression was performed between the calculated LMP and 

applied stress. The corresponding coefficients of determination were ܴ2 = 0.970 for ܥ = 20 

and ܴ2 = 0.990 for ܥ = 22. Accordingly, ܥ = 22  was used for the subsequent LMP analysis. 

The value providing the stronger correlation within the present experimental dataset was 

subsequently used for the LMP analysis. 

The temperature dependence of the minimum creep rate was further evaluated using the 

Arrhenius-type relationship [40]: ߝ௠̇௜௡ = −)௡expߪ′ܣ ொ಴ோ்  )                                                       (7) 

where ܳ௖  is the apparent creep activation energy (J mol-1), ܴ is the universal gas constant 

(8.314 J mol-1 K-1), and ܶis the absolute temperature (K). The activation energy was obtained 

from the linear regression of the logarithm of minimum creep rate against inverse temperature 

(1/T). Experimentally obtained data at 625 °C were used only for the Arrhenius analysis to 
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extend the temperature range and were not included in the ML dataset or in the other 

comparative creep analyses. 

2.5 Correlation of creep deformation time prediction with failure characteristics 

The machine-learning predictions, conventional creep parameters and post-rupture 

microstructural observations were considered in conjunction to correlate the macroscopic creep 

response with the observed damage characteristics. SEM-EDS analysis was performed to 

investigate the local elemental distribution and morphology of regions related to creep damage. 

The observed Cr and Mo-enriched regions are consistent with carbide-containing precipitates 

commonly reported in 316L austenitic stainless steel during high temperature exposure and 

creep, particularly Cr-rich M23C6 type carbides at grain boundaries [41,42]. These grain 

boundary precipitates have been reported to influence localized creep damage and cavity 

formation in austenitic stainless steels [41,43]. Thus, the Cr- and Mo-enriched regions observed 

in the present study are discussed M23C6 type carbide containing regions, in agreement with the 

reported precipitation behavior of 316L stainless steel. The fractographic observations also 

indicated progressive cavity formation, growth and coalescence, with more pronounced 

cavity/crack coalescence at the higher testing temperature. These observations provide 

microstructural evidence for the creep damage and failure behavior observed in experiments. 

3. Results and discussion 

3.1 Experimental creep behavior 

The experimentally measured creep behavior of 316L stainless steel at 675 °C and 725 °C 

under three applied stress levels at each temperature is shown in Fig. 2. The creep curves exhibit 

the characteristic progressive increase in creep strain with exposure time, followed by 

accelerated deformation approaching rupture. At 675 °C, the creep deformation time increased 

markedly as the applied stress decreased from 245 to 175 MPa. Similarly, at 725 °C, lowering 
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the applied stress from 180 to 120 MPa resulted in a substantial increase in the deformation 

time before rupture.  

The comparison between the two temperatures also shows that creep deformation was 

considerably accelerated at 725 °C compared with 675 °C under the investigated conditions. 

This behavior is consistent with the increased contribution of thermally activated creep 

processes at higher temperature. The creep curves also show an extended low-strain 

deformation region followed by a pronounced increase in strain during the final stage of creep, 

indicating progressive acceleration toward rupture. 

The experimental creep curves provide the direct basis for the subsequent machine-learning 

and conventional creep analyses. The measured strain-time data were used as the input 

response for the ML analysis, while the minimum creep rates and rupture times obtained from 

the same experiments were used to determine the conventional creep parameters. Thus, the 

experimental results establish the temperature- and stress-dependent creep response against 

which the data-driven predictions and creep life correlations are evaluated. 
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Figure 2 Experimentally measured creep strain–time curves of 316L stainless steel at (a) 725 

°C under 180, 150 and 120 MPa, and (b, c) 675 °C under 245, 210 and 175 MPa. 
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3.2 Machine learning prediction at 675 oC 

The creep curves at 675 °C show a clear stress-dependent change in deformation time, with the 

175 MPa condition exhibiting the longest exposure and the 245 MPa condition the shortest. 

This variation is reflected directly in the machine-learning prediction performance. The models 

were therefore evaluated separately at 175, 210, and 245 MPa to examine how the creep-

deformation regime influences prediction accuracy. 

At 175 MPa, the results in Fig. 3 show close agreement between predicted and experimentally 

recorded deformation times for LightGBM, XGBoost, and RF. The testing R2 values are 0.991, 

0.993, and 0.994, respectively, while the corresponding RMSE values are 26.07, 22.60, and 

21.77 h. The MAE values are 19.21, 15.67, and 16.94 h. Although the R2 values remain high, 

the larger absolute errors indicate greater variability in the longer-duration creep response. At 

lower stresses, the deformation process is associated with prolonged exposure during which 

diffusion-assisted processes, vacancy transport, GB effects, and progressive damage evolution 

can contribute to local variations in the measured response [44-46]. Thus, the larger prediction 

uncertainty at 175 MPa is consistent with the greater time available for microstructural 

evolution rather than indicating a failure of the ML models to reproduce the overall trend. 

When the applied stress increases to 210 MPa, Fig. 4 shows a marked reduction in the 

prediction error. The testing RMSE values are 8.97 h for LightGBM, 9.28 h for XGBoost, and 

11.57 h for RF, with corresponding MAE values of 6.28, 6.93, and 9.26 h. The testing R2 values 

remain above 0.99 for all three models. The shorter deformation period and more strongly 

stress-driven response reduce the relative scatter in the experimental deformation-time 

relationship. The observed behavior is consistent with an increased contribution from stress-

assisted dislocation-mediated deformation, although the stress exponent alone cannot uniquely 

define the controlling mechanism [46,47]. 
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At the highest applied stress of 245 MPa, Fig. 5 shows further improvement in predictive 

agreement. The testing RMSE values decrease to 2.10, 1.87, and 2.38 h for LightGBM, 

XGBoost, and RF, respectively, while the corresponding MAE values are 1.50, 1.48, and 1.97 

h. The testing ܴ2values remain approximately 0.995-0.996. The close clustering of the 

predicted values around the experimental data indicates that the deformation-time relationship 

becomes more consistent under this higher-stress condition. The relatively small errors may be 

associated with the shorter deformation period and stronger stress dependence of the creep 

response [47,48]. 

The stress-dependent results therefore reveal an important feature of the present dataset: 

prediction error decreases substantially as the applied stress increases. At 675 °C, the testing 

RMSE decreases from approximately 26 h at 175 MPa to approximately 2 h at 245 MPa, while 

the MAE decreases from approximately 19 h to 1.5 h. This does not mean that the higher-stress 

condition is intrinsically more representative of long-term creep behavior; rather, it indicates 

that the experimentally recorded deformation-time response is less dispersed within the 

investigated high-stress range. From a failure-analysis perspective, the larger uncertainty at 

lower stress is important because prolonged exposure provides more opportunity for 

microstructural degradation and damage accumulation. 
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(b)XGBOOST (c)Random Forest 

Figure 3 Comparison of predicted and experimental creep life of 316L stainless steel, tested at 

675oC under an applied stress of 175 MPa results, using different machine learning models.  
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Figure 4 Comparison of predicted and experimental creep life of 316L stainless steel, tested at 

675oC under an applied stress of 210 MPa results using different machine learning models.  
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Figure 5 Comparison of predicted and experimental creep life of 316L stainless steel, tested at 

675oC under an applied stress of 245 MPa results, using different machine learning models.  
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3.3 Machine learning prediction at 725oC 

At 725 °C, the experimental curves in Fig. 2 show the same general progression from transient 

deformation to accelerated deformation, but over a shorter overall time scale than at 675 °C. 

Reducing the applied stress from 180 to 120 MPa progressively extends the deformation 

period. This combined temperature-stress dependence provides a basis for evaluating whether 

the ML models can reproduce the measured response under a more rapidly evolving creep 

condition. 

At 120 MPa, Fig. 6 shows good agreement between the predicted and experimentally recorded 

deformation times. The testing R2 values for LightGBM, XGBoost, and RF are 0.995, 0.996, 

and 0.992, respectively. The corresponding RMSE values are 4.88, 4.23, and 6.23 h, while the 

MAE values are 3.34, 2.99, and 5.34 h. The larger absolute errors relative to the higher-stress 

conditions are consistent with the longer deformation duration and the greater opportunity for 

microstructural degradation during creep exposure. Diffusion-assisted processes and GB 

effects can contribute to deformation variability under prolonged creep conditions [44-46]. 

Increasing the stress to 150 MPa produces a reduction in prediction error, as shown in Fig. 7. 

The testing RMSE values are 3.06, 3.32, and 2.68 h for LightGBM, XGBoost, and RF, 

respectively. The corresponding MAE values are 2.20, 2.33, and 2.14 h. The relatively similar 

errors obtained from the three models indicate that the experimentally recorded deformation-

time relationship remains consistently represented at this intermediate stress level. At 180 MPa, 

Fig. 8 shows the closest correspondence between predicted and experimental deformation 

times. The testing RMSE values are 0.71 h for LightGBM, 0.83 h for XGBoost, and 0.54 h for 

RF, with MAE values of 0.50, 0.59, and 0.41 h, respectively. The testing R2 values are 0.996, 

0.994, and 0.998. The lowest error at this condition occurs for RF, demonstrating that model 

performance is condition-dependent and that no single algorithm provides the lowest error at 

every stress level. 
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A similar stress-dependent reduction in prediction error is therefore observed at 725 °C. The 

testing RMSE decreases from approximately 6 h at 120 MPa to less than 1 h at 180 MPa, while 

the MAE decreases from approximately 5.5 h to approximately 0.5 h. The higher temperature 

accelerates the creep response, while increasing stress further shortens the deformation period 

and produces a more compact deformation-time relationship. The ML models capture this 

experimentally observed relationship, but they should not be interpreted as mechanistic models. 

The physical interpretation of the temperature- and stress-dependent response requires the 

complementary creep-kinetic and microstructural analyses presented below. 

           Table 2 presents statistical performance, which aligns with Figures 3-5 and Figure 6-8. 

All models exhibit high accuracy (R² > 0.99) under all stress and temperature conditions. A 

clear stress-related decrease in prediction error is seen. At 675 °C, RMSE lowers from 26 h 

(175 MPa) to 2 h (245 MPa), while MAE decreases from 19 h to 1.5 h. Similarly, at 725 °C, 

RMSE reduces from 6 h (120 MPa) to <1 h (180 MPa), and MAE from 5.5 h to 0.5 h. At lower 

stress, XGBoost and LightGBM show superior performance, whereas RF becomes competitive 

at greater stress and has the lowest RMSE (0.54 h at 180 MPa). The decrease in prediction error 

with increasing stress reflects the reduced dispersion of the experimentally recorded 

deformation-time response within the investigated stress range and does not, by itself, establish 

a transition between creep mechanisms. These findings demonstrate that the models properly 

account for the combined effect of stress and temperature on creep life prediction. Thus, the 

experimental stress dependency is consistently reflected in the ML prediction findings, 

implying that the models account for the combined effects of applied stress and temperature on 

creep rupture life. 
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Figure 6 Comparison of predicted and experimental creep life of 316L stainless steel, tested at 

725 oC under an applied stress of 120 MPa results, using different machine learning models.  
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Figure 7 Comparison of predicted and experimental creep life of 316L stainless steel, tested at 

725 oC under an applied stress of 150 MPa, results using different machine learning models.  
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Figure 8 Comparison of predicted and experimental creep life of 316L stainless steel, tested at 

725 oC under an applied stress of 180 MPa, results using different machine learning models.  
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Table 2: Statistical evolution of predictive model performance across various applied stresses 

and temperatures. 

Temperature 

(oC) 

Applied 

stress 

(MPa) 

Machine learning predictive model 

  LightGBM  XGBoost  RF 

  Metric Training Testing  Metric Training Testing  Metric Training Testing 

  R2 
0.995247 0.994921 

 R2 
0.995941 0.996026 

 R2 
0.991658 0.991735 

 120 RMSE 4.810891 4.885365  RMSE 4.445567 4.321242  RMSE 6.37311 6.231851 

  MAE 3.307283 3.347353  MAE 3.238351 2.997882  MAE 5.568331 5.345384 

             

  R2 0.993981 0.991798  R2 0.992818 0.990339  R2 0.993787 0.99368 

725 150 RMSE 2.191571 3.060631  RMSE 2.393888 3.321735  RMSE 2.226594 2.686677 

  MAE 1.457033 2.202056  MAE 1.363742 2.336374  MAE 1.77044 2.146419 

             

  R2 0.994947 0.995837  R2 0.994551 0.994407  R2 0.99724 0.997583 

 180 RMSE 0.787122 0.716494  RMSE 0.817363 0.83049  RMSE 0.581674 0.545987 

  MAE 0.544446 0.503585  MAE 0.521388 0.596103  MAE 0.450419 0.416946 

             

  R2 0.992636 0.991218  R2 0.996773 0.993398  R2 0.995658 0.993879 

 175 RMSE 23.09684 26.07585  RMSE 15.29043 22.60971  RMSE 17.73556 21.77003 

  MAE 16.78052 19.21443  MAE 9.583012 15.67422  MAE 14.29109 16.94631 

             

  R2 0.993072 0.992996  R2 0.993348 0.992519  R2 0.9888 0.98837 

675 210 RMSE 8.99764 8.979459  RMSE 8.816346 9.28014  RMSE 11.44045 11.57069 

  MAE 6.339536 6.281218  MAE 6.666635 6.938915  MAE 9.154301 9.261422 

             

  R2 0.996026 0.995175  R2 0.996399 0.996155  R2 0.993829 0.99382 

 245 RMSE 1.729948 2.105783  RMSE 1.646847 1.879772  RMSE 2.155861 2.38303 

  MAE 1.217825 1.50055  MAE 1.293312 1.489924  MAE 1.792437 1.976537 

 

3.4 Comparative analysis of machine learning models 

The stress-specific results are complemented by an overall comparison of the three models at 

each temperature. The results in Fig. 9 compare LightGBM, XGBoost, and RF for the three 

stress levels at 675 °C, while Fig. 10 presents the corresponding comparison at 725 °C. 

At 675 °C, most predicted values lie within the ±15% deviation region in Fig. 9. The testing 

RMSE values are 11.28 h for LightGBM, 10.60 h for XGBoost, and 13.70 h for RF, with MAE 

values of 7.93, 5.89, and 7.16 h, respectively. At 725 °C, Fig. 10 shows similarly close 

agreement, with testing RMSE values of 4.47, 4.86, and 4.87 h for LightGBM, XGBoost, and 

RF, respectively. The corresponding MAE values are 3.68, 3.71, and 4.16 h. 

The residual distributions in Figs. 9 and 10 are generally centred around zero, indicating the 

absence of a pronounced systematic offset between predicted and experimental deformation 
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times. XGBoost and LightGBM exhibit relatively compact residual distributions, whereas RF 

shows a somewhat broader spread in the combined comparisons. However, the stress-specific 

results demonstrate that RF can perform competitively, particularly at the higher-stress 

conditions. Therefore, the model behavior is better interpreted in terms of condition-specific 

performance rather than as a universal ranking of the three algorithms. 

The statistical results in Table 2 confirm this trend. At both temperatures, the prediction error 

decreases with increasing applied stress. This behavior is consistent with the experimentally 

observed reduction in deformation duration and does not by itself establish a change from one 

unique creep mechanism to another. Rather, it indicates that the measured deformation-time 

relationship becomes less dispersed as stress increases within the investigated experimental 

domain. 
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(e) (f) 

Figure 9 Comparative evaluation of (a-b) LightGBM, (c-d) XGBoost, and (e-f) Random Forest 

models for creep life prediction of 316L stainless steel, tested at 675 °C under varying applied 

stresses: correlation with experimental data and corresponding residual distribution. 
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(e) (f) 
Figure 10 Comparative evaluation of (a-b) LightGBM, (c-d) XGBoost, and (e-f) Random 

Forest models for creep life prediction of 316L stainless steel, tested at 725 °C under varying 

applied stresses: correlation with experimental data and corresponding residual distribution. 
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3.5 Combined dataset analysis across temperatures 

To evaluate the response under simultaneous variation of temperature and applied stress, the 

complete dataset from 675 and 725 °C was analysed together. The resulting prediction and 

residual distributions are presented in Fig. 11, and the corresponding statistical results are listed 

in Table 3. 

Despite the increased range of temperature and stress conditions, all three models reproduce 

the experimentally recorded deformation times with high R2 values. XGBoost gives a training ܴ2of 0.998 and a testing R2 of 0.9945, with testing RMSE and MAE values of 9.06 and 4.60 

h, respectively. LightGBM gives testing ܴ2 = 0.9940, RMSE = 9.43 h, and MAE = 5.87 h, 

whereas RF gives testing ܴ2 = 0.9851, RMSE = 14.90 h, and MAE = 8.11 h. 

The residual distributions in Fig. 11 are centred predominantly around zero, while most 

predicted values remain within the ±15% deviation region. This indicates that the models 

reproduce the nonlinear relationships contained in the experimental dataset over the 

investigated temperature–stress domain. The somewhat wider residual spread for RF indicates 

greater variability in its predicted deformation times for the combined dataset, whereas the 

boosting models provide a more compact representation of the experimental response. 

The higher performance of the boosting models is consistent with their ability to represent 

nonlinear interactions among multiple input variables [16-18]. However, the close agreement 

between training and testing results should be interpreted cautiously because individual points 

from the same creep curve are not statistically independent. Consequently, the present results 

demonstrate strong performance for held-out data points within the available dataset but should 

not be interpreted as fully independent specimen-level generalization. Validation using 

independent creep curves or additional specimens would provide stronger evidence of 

transferability. 
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Figure 11 Comparative performance of (a-b) LightGBM, (c-d) XGBoost, and (e-f) Random 

Forest models for creep life prediction of 316L stainless steel, tested at 675 °C and 725 °C 

under varying applied stresses, showing agreement with experimental data and corresponding 

residual distributions. 
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Table 3: Performance evaluation of machine learning models for creep life prediction of 316L 

ASS. 

Condition Parameter Machine learning predictive model 

 675oC 

Stresses: 175, 210, 245 

MPa 

LightGBM  XGBoost  RF 

Metric Training Testing  Metric Training Testing  Metric Training Testing 

R2 
0.995247 0.994921 

 R2 
0.995941 0.996026 

 R2 
0.991658 0.991735 

RMSE 4.810891 4.885365 RMSE 4.445567 4.321242 RMSE 6.37311 6.231851 

MAE 3.307283 3.347353 MAE 3.238351 2.997882 MAE 5.568331 5.345384 

 

725oC 

Stresses: 120, 150, 180 

MPa 

R2 0.993981 0.991798  R2 0.992818 0.990339  R2 0.993787 0.99368 

RMSE 2.191571 3.060631 RMSE 2.393888 3.321735 RMSE 2.226594 2.686677 

MAE 1.457033 2.202056 MAE 1.363742 2.336374 MAE 1.77044 2.146419 

 

 675oC & 725oC 

Stresses: 175, 210, 245 

MPa 

      120, 150, 180 MPa 

R2 0.996027 0.994035  R2 0.99807 0.994497  R2 0.990332 0.985101 

RMSE 7.754007 9.430186 RMSE 5.40473 9.057484 RMSE 12.09616 14.90393 

MAE 5.151931 5.873392 MAE 3.304474 4.601147 MAE 7.185907 8.109593 

 

3.6 Cross-validation and model generalization 

Five-fold cross-validation was performed on the training data to examine the stability of the 

developed models under different training–validation partitions. The R2 values are summarized 

in Table 4. 

For the combined stresses at 725 °C, the cross-validation R2 values are 0.9944, 0.9952, and 

0.9960 for RF, LightGBM, and XGBoost, respectively. At 675 °C, the corresponding values 

are 0.9912, 0.9946, and 0.9947. When both temperatures and all stress levels are combined, 

the cross-validation R2 values are 0.9868 for RF, 0.9956 for LightGBM, and 0.9941 for 

XGBoost. The cross-validation results are broadly consistent with the independent testing 

results and indicate stable performance within the available data structure. However, the folds 

were generated at the individual data-point level. Since multiple measurements originate from 

the same creep curve, observations within a curve can be correlated. Therefore, the cross-

validation results should be considered an assessment of model stability within the present 

dataset rather than definitive specimen-level generalization. This distinction is particularly 
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important for engineering failure assessment, where performance on independent creep curves 

is more representative of practical deployment. 

Table 4: Five-fold cross validation results (R2) for the developed machine learning models  

under different temperature and stress conditions. 

 

3.7 Temperature-stress relationship and creep behavior 

The experimental results and ML predictions are further interpreted using conventional creep 

parameters. Increasing either the testing temperature or applied stress accelerates the creep 

response, resulting in shorter deformation times and reduced rupture life. The experimentally 

observed stress–rupture-time relationship at 675 °C and 725 °C is presented in Fig. 12. 

The Norton relationship gives stress exponents of 6.9 at 675 °C and 4.5 at 725 °C. The decrease 

in ݊with increasing temperature indicates that the stress dependence of the minimum creep rate 

changes between the two testing temperatures. Such a change may reflect a variation in the 

relative contributions of dislocation-mediated and diffusion-assisted deformation processes 

[28,47-49]. However, the stress exponent alone cannot uniquely identify the rate-controlling 

mechanism. Its interpretation therefore requires consideration of the activation energy and 

post-creep microstructural observations. The machine-learning results are consistent with this 

thermomechanical dependence because the models reproduce the changes in deformation time 

associated with temperature and stress. The ML analysis therefore provides a statistical 

description of the observed response, whereas the Norton analysis provides a conventional 

kinetic measure of stress sensitivity.  

 
725 ºC 675 ºC Both 

Temperature 

Applied 

stress 

(MPa) 

120 150 180 120, 150, 

180 

175 210 245 175, 210, 

245 

120, 150, 180, 

175, 210, 245 

RF 0.991456 0.993724 0.997468 0.994407 0.993241 0.988426 0.993783 0.991235 0.986786 

LightGBM 0.995134 0.99248 0.99513 0.995206 0.990867 0.993053 0.99482 0.994612 0.995621 

XGBoost 0.996087 0.990635 0.994501 0.996029 0.993972 0.993294 0.996117 0.994737 0.994054 
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The Larson-Miller analysis in Fig. 13 further evaluates the combined effect of temperature and 

rupture time. For ܥ = 20, the coefficient of determination is ܴ2 = 0.970, whereas increasing 

the constant to ܥ = 22 gives ܴ2 = 0.990. Thus, ܥ = 22 provides the stronger correlation for 

the present experimental dataset. Nevertheless, this result should be viewed as an empirical 

time–temperature correlation and not as a direct representation of microstructural evolution or 

a unique failure mechanism [13-15]. 

 

 
Figure 12 Stress-rupture time relationship used to determine the creep stress exponent at 675 °C 

and 725 °C. 
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(a) 

 

(b) 

 

Figure 13 Larson-Miller parameter as a function of applied stress for 316L stainless steel used and 

evaluated at different material constants: (a) C = 20 and (b) C = 22. 
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3.8 Threshold stress and apparent activation energy 

The threshold-stress analysis in Fig. 14 shows an apparent threshold stress of approximately 

172.2 MPa at 675 °C and approximately 110 MPa at 725 °C. The lower apparent threshold 

stress at the higher temperature indicates a reduced resistance to thermally activated 

deformation. This behavior is consistent with enhanced atomic diffusion and facilitated 

dislocation motion at elevated temperature [50,51]. 

The Arrhenius analysis in Fig. 15 gives an apparent creep activation energy of approximately 

324 kJ mol-1. The 625 °C data were included only to extend the temperature range for this 

regression and were not used in the machine-learning dataset or other comparative analyses. 

The magnitude of the obtained activation energy is consistent with thermally activated 

processes involving atomic diffusion and dislocation motion reported for austenitic stainless 

steels [44,45,52]. However, the activation energy should not be interpreted as proof of a single 

rate-controlling mechanism. The observed creep behavior results from the combined effects of 

temperature, stress, deformation kinetics, and microstructural evolution. Accordingly, the 

stress exponent, threshold stress, activation energy, and post-creep damage observations should 

be considered together when interpreting the deformation behavior. 
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Figure 14 Determination of threshold stress in 316L austenitic stainless steel through linear 

extrapolation method at two different temperatures: (a) 675 °C and (b) 725 °C. 
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Figure 15 Arrhenius plot of minimum creep rate versus inverse of testing temperature (1/T) 

used to determine the apparent creep activation energy of 316L ASS, using creep data obtained 

at 625, 675, and 725 °C. 
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3.9 Fractography and post-creep microstructural analysis  

The fracture and post-creep microstructural observations provide the direct failure-analysis 

component of the present study. Representative fracture surfaces at 675 °C/175 MPa and 725 

°C/120 MPa are shown in Fig. 16. 

At 675 °C/175 MPa, Fig. 16(a-c) shows a predominantly dimpled fracture morphology with 

microvoids and well-developed dimples. This morphology is consistent with ductile fracture 

through microvoid nucleation, growth, and coalescence. The developed dimples indicate that 

substantial localized plastic deformation occurred before final rupture. By comparison, the 

fracture surface at 725 °C/120 MPa in Fig. 16(d-f) is more irregular and contains elongated 

crack-like features and localized surface separation. These features are consistent with greater 

involvement of GB damage and creep cavitation in the final fracture process. However, the two 

representative conditions differ in both temperature and applied stress. Therefore, the observed 

difference in fracture morphology should be interpreted as the combined effect of these two 

variables rather than as an isolated temperature effect.  

The post-creep microstructure at 675 °C/175 MPa is presented in Fig. 17. The low-

magnification image shows the austenitic grain structure and annealing twin boundaries, 

together with localized damage near susceptible GB regions. The higher-magnification images 

reveal intergranular cracking and localized damage. Cr and Mo-enriched regions are observed 

adjacent to the damaged grain boundaries. These elemental distributions are consistent with 

carbide-containing precipitate regions reported in 316 stainless steels, particularly Cr-rich 6ܥ23ܯ type carbides [53,54]. However, SEM–EDS alone does not provide definitive 

crystallographic identification; therefore, these features are more appropriately described as Cr 

and Mo-enriched carbide-containing regions. 

The corresponding observations at 725 °C/120 MPa are presented in Fig. 18. Localized GB 

cracking is visible at low magnification, while higher magnification reveals crack propagation 
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and damage near precipitate-containing regions. The EDS analysis again indicates local Cr and 

Mo enrichment. These observations are consistent with GB precipitation and localized creep 

damage reported for 316/316H stainless steels [53-55].  

Taken together, Figs. 16–18 support a progressive damage sequence involving localized GB 

damage, cavity nucleation, cavity growth, crack development, and final fracture. GB second-

phase or precipitate-containing regions can produce local stress and strain concentrations and 

may facilitate vacancy accumulation and cavity formation during prolonged creep exposure. 

Continued deformation can promote cavity growth and coalescence, ultimately leading to 

intergranular crack propagation and rupture [54-57]. 

The annealing twin boundaries visible in Figs. 17 and 18 should be distinguished from the 

random or high-angle GB regions where cracking is observed. The present morphological and 

compositional evidence suggests that localized damage is primarily associated with susceptible 

GB regions containing or adjacent to second-phase particles rather than with annealing twin 

boundaries alone. Thus, the failure sequence is best described as a combination of microvoid 

formation, GB damage, cavity evolution, crack propagation, and final fracture. 
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Figure16 SEM fractography of creep tested samples of 316L stainless steel sample tested 

at 675 oC/175 MPa (a-c), and at 725 oC/120 MPa (d-f). 

 

 

Figure 17 SEM microstructure and EDS analysis of 316L stainless steel sample tested at 

675ºC/175MPa until ruptured: (a) annealing twin boundaries and intergranular cracking, (b) 

magnified intergranular crack, (c) grain boundary Cr-rich M23C6 type carbides precipitates 

associate with crack propagation, (d) EDS spectrum, and (e) corresponding elemental 

composition. 

 

 

Figure 18 SEM-EDS characterization of creep ruptured sample of 316L stainless steel, tested 

at 725 °C/120MPa: (a) Intergranular cracking; (b) grain-boundary damage and crack 

propagation; (c) M₂₃C₆ precipitates; (d) EDS spectrum; and (e) elemental composition. 
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3.10 Prediction Accuracy, Limitations, and overall failure interpretation 

The combined results demonstrate that RF, XGBoost, and LightGBM can reproduce the 

experimentally recorded creep deformation-time response of 316L stainless steel within the 

investigated temperature, stress, and strain ranges. The stress-specific analyses show that 

prediction error decreases with increasing applied stress, while the combined-data analysis 

demonstrates that the models retain high statistical accuracy when both temperatures and all 

stress conditions are considered. 

The conventional creep analysis provides a physical description of the same experimental 

response. The decrease in stress exponent from 6.9 at 675 °C to 4.5 at 725 °C, the apparent 

activation energy of approximately 324 kJ mol-1, and the threshold-stress results demonstrate 

the strong thermomechanical dependence of the deformation process. The Larson-Miller 

analysis provides an additional empirical correlation, with the strongest relationship obtained 

for ܥ = 22 (ܴ2 = 0.990). 

The failure observations provide the microstructural context for the measured creep response. 

The SEM-EDS and fractographic results indicate that prolonged creep deformation is 

accompanied by localized grain-boundary damage, carbide-containing regions, cavity 

formation, crack development, and final fracture. The fracture morphology is predominantly 

dimpled at 675 °C/175 MPa, whereas the 725 °C/120 MPa condition exhibits more pronounced 

crack- and cavity-associated features. Because these two representative conditions differ in 

both temperature and stress, the difference cannot be assigned to temperature alone. 

An important limitation of the present ML framework is that the input variables are 

temperature, applied stress, and measured creep strain. Microstructural descriptors such as 

grain size, precipitate population, grain-boundary character, and accumulated damage are not 

explicitly included. Previous studies have shown that incorporating chemical and 
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microstructural descriptors can improve the representation of creep behavior [58,59]. 

Consequently, the present model should primarily be applied within the experimental 

temperature, stress, and deformation domain used for model development. 

Another limitation concerns data structure and validation. Multiple observations from a single 

creep curve are correlated, and the present five-fold cross-validation was performed at the 

individual data-point level. Therefore, the reported high R2 values demonstrate strong within-

dataset predictive consistency but do not establish fully independent specimen-level 

generalization. Validation using independent creep curves, additional specimens, or an external 

experimental dataset would provide stronger evidence for practical deployment. 

Finally, the ML predictions should be interpreted as data-driven reproduction of experimentally 

recorded deformation time rather than as unrestricted prospective prediction of unknown 

rupture life. Their high statistical accuracy reflects their ability to represent the relationships 

present in the available experimental dataset. The conventional creep parameters, fractography, 

and microstructural observations provide the complementary physical basis required for 

interpreting creep degradation and failure. 

4. Conclusion 

The high temperature creep behavior and failure characteristics of 316L austenitic stainless 

steel were investigated experimentally at 675 ºC and 725ºC under multiple applied stresses. An 

integrated experimental data driven framework combining creep deformation analysis, 

machine learning prediction, conventional creep kinetics, and post-creep microstructure and 

fractographic characterization was developed to interpret the temperature and stress-dependent 

creep response. The main findings are as follows: 

❖ The creep deformation and rupture behavior of 316L stainless steel strongly depended 

on temperature and applied stress. Higher temperature and stress accelerated creep 

deformation and reduced rupture time. 
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❖ The Norton stress exponent was 6.9 at 675 °C and 4.5 at 725 °C. The apparent creep 

activation energy was approximately 324 kJ mol⁻¹. 

❖ The Larson-Miller analysis provides a strong correlation at (C = 22), with (R² = 0.990). 

This provides a useful empirical description of rupture behavior within the investigated 

experimental range. 

❖ RF, XGBoost, and LightGBM reproduced the experimentally recorded deformation 

time response with high accuracy. For the combined dataset, XGBoost gave the lowest 

testing error, with (R2 = 0.9945), RMSE = 9.06 h, and MAE = 4.60 h.  

❖ The ML results represent within-dataset prediction of experimentally recorded 

deformation time rather than unrestricted prospective rupture-life prediction. The 

present point-wise cross-validation also does not establish independent specimen-level 

generalization. 

❖ SEM-EDS and fractography revealed grain-boundary damage, carbide-containing 

regions, microvoid formation, cavity growth, and crack-associated damage. The 

fracture morphology varied between the investigated temperature-stress conditions. 

❖ Overall, the combined ML, conventional creep, and post-creep characterization 

approach provides a quantitative framework for interpreting the deformation and failure 

behavior of 316L stainless steel.  
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