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Abstract: Determination of Shear Bond strength (SBS) at interlayer of double-layer asphalt concrete is crucial in flexible pavement structures. The study used three Machine Learning (ML) models, including K-Nearest Neighbors (KNN), Extra Trees (ET), and Light Gradient Boosting Machine (LGBM), to predict SBS based on easily determinable input parameters. Also, the Grid Search technique was employed for hyper-parameter tuning of the ML models, and cross-validation and learning curve analysis were used for training the models. The models were built on a database of 240 experimental results and three input variables: temperature, normal pressure, and tack coat rate. Model validation was performed using three statistical criteria: the coefficient of determination (R2), the Root Mean Square Error (RMSE), and the mean absolute error (MAE). Additionally, SHAP analysis was also used to validate the importance of the input variables in the prediction of the SBS. Results show that these models accurately predict SBS, with LGBM providing outstanding performance. SHAP (Shapley Additive explanation) analysis for LGBM indicates that temperature is the most influential factor on SBS. Consequently, the proposed ML models can quickly and accurately predict SBS between two layers of asphalt concrete, serving practical applications in flexible pavement structure design.
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1  Introduction

Flexible pavement construction typically consists of multiple layers, each serving a distinct function. These layers are applied sequentially during the construction process. A tack coat, which is a bonding bituminous material, is often applied between two asphalt layers [1]. Shear bond strength (SBS) at the interface is an essential input parameter in pavement structure design and an important criterion in assessing pavement quality during construction and operation [2,3]. When the bond condition at the interface is good, and the SBS is high, the asphalt layers will work as a unified layer. Conversely, if the bond at the interface is weak and SBS is low, the asphalt layers will behave as separate entities [3–5]. This makes the pavement more susceptible to shear-induced damage, especially in areas with high operational stress, such as regions with elevated temperatures (tropical climates), high traffic volumes (truck lanes), or locations prone to frequent braking forces (e.g., uphill and downhill slopes) [6–8]. Consequently, this can reduce the lifespan of the pavement structure and potentially lead to traffic safety concerns [9].

In practice, determining the interface SBS typically involves basic tests, including a pure shear test (without normal pressure) [1,5,6] and a shear test (with normal pressure) [10–12]. However, the testing process often takes a lot of time and effort. Moreover, the test results may not be accurate if the equipment is unstable or the experimenter’s manipulation is not good. As an alternative to these conventional laboratory tests, numerous empirical algorithmic models have been established to estimate the SBS of asphalt pavements [13,14]. These models are basically based on improved regression analysis. Some researchers have used the statistical regression method (Table 1) to predict SBS based on a number of influencing factors such as tack coat rate, temperature, tack coat rate, normal stress, age curing, etc. [8,15–17]. However, this regression method has certain limitations, such as restrictions on the number of variables. Furthermore, the applicability of these regression equations is confined to the scope of the study and may not be generalizable due to variations in initial variable conditions [18]. Thus, simulation or structure analysis using specialized software has also been studied to evaluate the SBS based on input parameters such as bond ability, material strength, and texture characteristics [19–22]. However, in some cases, these simulation results are not accurate. The identified causes can be attributed to the complex influence of variables such as hydrothermal regime, vehicle load and volume, and bond conditions. The accuracy of structural simulation software depends on model parameter setting, and the simulation process can be very time-consuming, sometimes requiring highly configurable computers [23]. Although the above SBS prediction methods are commonly used, they are still limited in accuracy and generalizability.
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Nowadays, machine learning (ML) is extensively utilized across various fields, including geo-engineering (e.g., landslide and flood prediction) [24–27] and civil engineering (e.g., predicting structural behavior and material properties) [28–31]. In the design and evaluation of pavement structures, ML has been applied to predict key technical parameters such as stress strain, deflection, and the elastic modulus of pavement layers [32–34]. Although ML models demonstrate high reliability, most studies rely on simple artificial neural networks (ANNs).

Raab et al. [35] predicted shear bond parameters based on pure shear test results from drilled samples at a project site. Their findings showed that ANN is a practical algorithm for estimating the shear bond characteristics of asphalt concrete. However, the input variables used in their study—specifically, experimental temperatures of 20°C and 30°C—do not fully account for the harsh conditions of real-world pavements, particularly in areas with higher temperatures (e.g., during summer or in tropical regions). Moreover, the pure shear test did not consider the normal force component, which is present in actual vehicle load models.

In addition, with a smaller number of input datasets, van Dao et al. [36], and AL-Jarazi et al. [37] developed various ML models to predict the shear bond strength (SBS) with high accuracy (R2 = 0.94–0.96), as shown in Table 2. As technology advances, it is essential to diversify prediction models and further improve accuracy. Therefore, continued development of new ML approaches for predicting SBS is necessary.
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In this study, we used the K-Nearest Neighbors (KNN), Extra Trees (ET), and Light Gradient Boosting Machine (LGBM) algorithms to model experimental results, including input variables such as tack coat rate, temperature, and normal pressure, to predict the SBS of asphalt pavement. These three Machine Learning algorithms (KNN, ET, and LGBM) are selected based on their proven effectiveness in previous studies. These algorithms are powerful and popular for forecasting problems due to their robustness and accuracy [1,38–41]. Additionally, we employed the Grid Search technique to optimize hyperparameters for the model and used Cross-validation (CV) to avoid overfitting, thereby improving the performance of models. The prediction results were evaluated using standard statistical indices, namely Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Coefficient of Determination (R2), as well as through a Learning Curve. We also used the SHAP (SHApley Additive explanation) analysis technique to verify the detailed effects of inputs on SBS. This is the first study to employ multiple algorithms and optimization techniques in the development and validation of a shear bond strength predictive model. Our findings enable us to propose new methods for predicting SBS with high confidence based on datasets derived from physical parameters obtained through actual experiments. This approach paves the way for the development of large-scale predictive models in the future.

2  Method

2.1 Database

The database was compiled using data from 240 experimental results [7,8]. Cylindrical asphalt concrete (AC) samples were fabricated with dimensions of 10 × 12 cm. It has two layers, including the upper layer, AC12.5, of 5 cm thick, and the lower layer, AC19, of 7 cm thick. The samples satisfied the requirements of the current standard for asphalt concrete [42–47].

The designed mixture is prepared by mixing at the specified temperature and then poured into the mold. These two layers of asphalt concrete are compacted separately but under identical conditions to ensure consistency: the same number of cycles, temperature, and compaction capacity (45 cycles, 145°C, and 600 kPa, respectively). The lower layer (AC19) is compacted first. After compaction, a CRS-1 emulsion tack coat is applied to the top surface of the lower layer at the specified rate and left to cure for 4–6 h to allow for emulsion breaking. The upper layer (AC12.5) is then poured and compacted using the same method. The samples then undergo a curing period in water at different temperatures for 2–4 h. This method replicates the field application process, where the tack coat is applied to the bottom layer, and the top layer is compacted on top, ensuring that the laboratory process is representative of real-world conditions.

Samples were cured in water for 2–4 h at different temperatures. The bond shear test was conducted following the instructions of AASHTO TP [48]. The samples were then tested at various levels of normal pressure. During the experiment, two forces were applied simultaneously on the sample until the sample failed: (1) the shear force generated by the Marshall machine, (2) the normal force generated by the pneumatic compressor. The shear test mechanism is depicted in Fig. 1.

SBS=τmax=FuπD24(1)


where:

SBS, τmax: Shear bond strength, MPa;

Fu: Ultimate load, N;

D: Specimen diameter, mm.
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Figure 1: Shear test mechanism

These parameters of temperature (T), tack coat rate (R), and normal pressure (P) is considered as input variables for building models to determine the output variable (SBS). The selected temperatures of 25°C, 40°C, and 60°C represent the actual operating conditions of flexible pavement structures, corresponding to medium, high, and very high-temperature scenarios. This selection is based on the AASHTO TP 114-15 guidelines, which suggest a standard temperature of 25°C, and the range used in other research studies (20°C–60°C) [12,15,16]. For normal pressure, we selected 0, 0.2, 0.4, and 0.6 MPa, referencing global research, which typically ranges from 0 to 0.8 MPa (10, 12, 15, 51). These pressures reflect realistic conditions that pavement structures might experience. The selected tack coat rates of 0.0, 0.2, 0.5, and 0.8 l/m2 are based on actual construction practices in Vietnam, where 0.5 l/m2 is commonly used, and aligned with international research findings (0–0.8 l/m2) (7, 16, 52–54). These parameter selections ensure our study accurately reflects real-world conditions and adheres to established experimental criteria.

Table 3 shows statistical analyses of the inputs and output. In addition, a histogram of each input and output parameter is shown in Fig. 2. Correlation plots are crucial as they visually represent the relationships between different variables. For input-input correlations, these plots help identify any multi-collinearity issues where two or more input variables are highly correlated, potentially affecting the model’s performance. For input-output correlations, these plots illustrate the strength and nature of the relationship between each input variable and the output variable, providing insights into which variables have the most significant impact on the model’s predictions. The vertical axis of these plots represents the occurrence frequency (number of samples), while the horizontal axis represents the variable’s value. The height of the columns indicates how frequently each value occurs, helping to understand the distribution of the variable values and their relationships. Analysis of the distribution of values of 240 samples revealed that the mechanical parameters varied across a wide range of values. Temperature had the largest standard deviation, while normal pressure had the smallest.
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Figure 2: Histogram of the input and output parameters: (a) R, (b) P, (c) T, (d) SBS

The evaluation of the input variable spatial domain is an important step for the models to predict more accurately and simulate faster. The correlation between input-input and input-output is an important basis for choosing suitable input parameters for the forecasting model. Therefore, a correlation matrix between the parameters was analyzed and illustrated in Fig. 3. Positive correlations are indicated by blue squares, whereas negative correlations are indicated by yellow squares. At the same time, the color intensity shows the correlation level. To limit the impact of extraneous factors on the prediction model, pairs of features having a high correlation can be eliminated. Accordingly, pairs of attributes with a correlation greater than 0.75 or less than −0.75 are considered highly correlated attribute pairs and should be carefully considered. Initial analysis indicates that all input factors have a low to moderate correlation with each other and are therefore considered independent variables. The predicted SBS, which is based on these inputs, is the dependent variable.
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Figure 3: Correlation matrix analysis of input variables

2.2 Methods Used

This study adhered to the proposed methodology, which is structured around the following key steps (Fig. 4):

1.    Data Preparation: The collected experimental results were divided into two subsets: a training dataset (70%) used to train the models and a testing dataset (30%) used to evaluate their performance.

2.    Model Training: Cross-validation and parameter optimization using Grid Search CV were applied to build three models: KNN, ET, and LGBM.

3.    Model Validation: The effectiveness of the models was evaluated and compared by using statistical indicators, namely RMSE, MAE, and R2. The best model was then selected and its learning curve results were evaluated.

4.    Analysing Sensitivity: SHAP was applied to assess the impact of inputs on SBS.
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Figure 4: Methodological flow chart

2.2.1 K-Nearest Neighbors (KNN)

KNN is an algorithm used in ML with supervised learning to make decisions or predict the future. KNN uses mathematical formulas to select the K closest elements from the training dataset to make decisions. True to the algorithm’s name, labeling or predicting the outcome of an example is based on the most recent learning examples [46].

After loading the database, the KNN algorithm calibrates the value of K to determine the desired number of neighbors. For each data point, the following steps are performed: computing the distance between the query sample and the current sample, adding this distance to an organized collection, sorting the dataset in ascending order of distance, selecting the first K items from the sorted collection, obtaining the labels for the K chosen items, and finally returning the mean of the K labels [38,47].

KNN is an essential and transparent algorithm that is also highly successful due to its non-parametric nature (Fig. 5). It requires no inferences regarding the data distribution. Obviously, the choice of K will probably affect the algorithm’s accuracy. The accuracy will increase significantly with a large enough training data set and the ability to produce a reasonably large number of K [49].
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Figure 5: Illustration of KNN algorithm

2.2.2 Extra Trees (ET)

ET is a technique similar to Random Forest classification, aggregating the results of multiple uncorrelated decision trees [50]. While sub-trees can sometimes outperform Random Forests, ET employs a simpler method to create decision trees for the ensemble. Typically, decision trees exhibit high variance, whereas Random Forests tend to have medium variance [39,51]. When model accuracy is prioritized over generalization, ET often produces low variance. Additionally, ET is relatively easy to implement, requiring only a few key hyperparameters, with straightforward heuristics for tuning them [52]. The ET approach generates many unpruned decision trees using the training data. Predictions are made by averaging the results from these decision trees (Fig. 6).
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Figure 6: Illustration of ET algorithm

2.2.3 Light Gradient Boosted Machine (LGBM)

LGBM is an open-source gradient-boosting library based on decision tree algorithms. It employs a histogram-based method that splits continuous variables into different groups rather than sorting individual controls [53]. Additionally, LGBM uses a leaf-wise tree growth approach (Fig. 7) instead of the level-wise method used by most other decision tree-based algorithms, which helps improve model efficiency, reduce memory usage, and enhance computation time [29]. This makes LGBM particularly well-suited for larger datasets, where other methods may struggle with performance. Despite handling larger data sizes, LGBM maintains or improves model performance while significantly reducing runtime [54].
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Figure 7: Illustration of leaf-wise tree growth

2.2.4 Grid Search CV Optimization Technique

Most parameters in an ML model are learned directly from the data, but some, known as hyperparameters, cannot be learned in this way. Regardless of the model’s complexity or learning rate, these hyperparameters significantly affect the model’s performance. Finding the optimal combination of hyperparameters is challenging, as the model may have numerous hyperparameters that interact in complex ways [55]. Cross-validation is typically employed in a cyclic process to identify the best parameter set. Once the optimal combination is found, the process is repeated on all available data (without cross-validation) to generate a final model with the best settings [56,57].

The Grid Search (Fig. 8) algorithm is a commonly used approach for hyperparameter tuning, involving testing all possible combinations from a predefined grid of hyperparameters. This method allows for identifying the best parameters from a list of given options through exhaustive searching [55,57].
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Figure 8: Illustration of Grid Search CV algorithm

2.2.5 Validation Indicators

Statistical indicators

To evaluate the performance of ML models, three statistical measures were applied: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Coefficient of Determination (R2). RMSE represents the standard deviation of the model’s prediction errors, while MAE calculates the average of the absolute errors. R2 is a metric that describes the relationship between a pair of variables and takes a value from 0 to 1, with a larger value reflecting the greater accuracy of the model. These statistical measures have been widely used in previous studies [28–31].

Cross-validation

Cross-validation is a technique of subdividing datasets to verify the model’s performance on separate parts (Fig. 9). This technique is easy to understand and implement. It provides more reliable estimates than other methods [58]. The important element in the method is that k represents the number of groups into which the data set shall be separated. The procedure typically entails the subsequent phases: Randomly circulate the data set and split it into k fold. With each part: The present fold assesses the model’s effectiveness; the remaining folds serve for model training and evaluation [30,59,60].
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Figure 9: Illustration of Cross-validation technique

It is critical to remember that each sample is allocated a certain fold and must remain in that fold for the duration of the process. Data preparation is only done on the divided training set, not on the entire dataset. Typically, the aggregated result is the mean of the evaluations. Additionally, including variance and standard deviation information in the aggregated findings is used in practice [61].

Learning curve

The learning curve, initially used to describe the relationship between performance and training in machine learning, was first introduced in 1885 by H. Ebbinghaus [62]. A graph illustrates a model’s performance over time [63]. It also describes the loss of the training and validation datasets. The learning curve graphs provide information on the model’s learning dynamics, such as whether it is learning well under-fitting or overfitting with the training dataset. Learning curves can be used to compare alternative methods, choose model parameters during design, do hyperparameter tuning to optimize convergence and figure out the required data size [53].

SHAP analysis

SHAP is a method for calculating each attribute’s contribution to an objective variable’s value [39]. The goal is to conceptualize each feature as a “player,” with the dataset representing the “team.” Each player (feature) contributes to the team’s overall performance (the target variable). The aggregate of these contributions determines the final prediction or value. Importantly, the influence of a feature depends on the full set of features in the dataset, not just on the individual feature alone [41,64].

SHAP employs combinatorial mathematics to calculate the impact of every feature on the objective variable (referred to as the SHAP value). It works by considering all possible feature combinations and retraining the model accordingly. The average absolute value of a feature’s SHAP value can be used to assess its overall importance. One of SHAP’s key advantages is that it is model-agnostic, meaning it can be applied to any model without being constrained by the specific choice of algorithm. This makes it ideal for explaining models that do not inherently provide feature importance assessments [64,65].

3  Results and Discussions

3.1 Model Validation and Comparison

Building ML models involves determining the optimal values for the model’s hyperparameters. This study used a five-fold cross-validation approach to split the training dataset and evaluate the models’ performance. The Grid Search CV method was employed to find optimal hyperparameters and fit the predictive model features. It makes finding hyperparameters that result in optimal model estimation accuracy easier. The estimator n_neighbors, which represents the number of nearest neighbors in the model and the number of weak learners, are important hyperparameters. In addition, parameters such as the weights, maximum depth, and learning rate can substantially affect the model’s predictive capacity. The hyperparameters considered in the Grid Search CV are listed in Table 4.
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The results of the performance evaluation for the models are presented in Table 5. The results indicate that all three models achieved high accuracy (R2 > 0.91) in both the training and testing phases. The use of 5-fold cross-validation and the Grid Search CV method contributed to the high accuracy of the SBS prediction models. The KNN and ET models demonstrated slightly higher training accuracy (R2 = 0.974 and 0.977, respectively) than the LGBM model (R2 = 0.965). However, they exhibited significantly lower testing accuracy (R2 = 0.914 and 0.921, respectively) than LGBM (R2 = 0.961).
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Notably, the verification data (30% of the dataset) was not used in the model-building process. The hyperparameters for each model were selected based solely on the training and testing datasets. The LGBM model exhibited the most stable performance and highest accuracy on the test dataset, with an R2 of 0.961, RMSE of 0.35, and MAE of 0.22. After conducting five-fold cross-validation and Grid Search CV, the LGBM model emerged as the most accurate. Therefore, we selected this model to present our forecast results.

The regression approach shows the correlation between the SBS values predicted by the LGBM model and the actual values from experiments for the training and testing datasets (Fig. 10). The horizontal axis represents the SBS values from the actual tests. In contrast, the vertical axis shows the predictions made by the model. The LGBM model’s predictions for the training dataset (Fig. 10a) and the testing dataset (Fig. 10b) are very close to the experimental results. These findings demonstrate that the LGBM model provides reliable prediction results. The correlation between the LGBM model and the actual training and testing datasets outcomes is very high, with R2 values of 0.965 and 0.961, respectively. The model’s performance is stable across both phases, as the R2 values are nearly identical, highlighting the LGBM model’s strong predictive capability.

[image: images]

Figure 10: R2 values with (a) training, (b) testing dataset for LGBM model

The learning curve for the LGBM model is shown in Fig. 11. The vertical axis represents the learning score, while the horizontal axis indicates the size of the training dataset. Solid lines represent the mean scores for the training set (blue line) and cross-validation (red line). The results indicate that the training and cross-validation scores follow similar trends. Both scores increase gradually as the training data size grows, eventually stabilizing. When the training dataset size is less than 47, underfitting is observed. However, the model fits well without overfitting when the training dataset size ranges from 120 to 148.
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Figure 11: Learning curve analysis of LGBM

To provide a more detailed comparison, the simulated RMSE error distribution graphs of the LGBM model for the training, validation, and verification datasets are shown in Fig. 12. In both cases, the errors are densely concentrated near the 0 kN point. Furthermore, the error distributions show that nearly 95% of the errors fall within a relatively narrow range of around 0 kN, indicating the model’s strong ability to simulate SBS accurately. Only a few large errors (exceeding 0.1 and 0.2 MPa) were observed, but these do not significantly impact the model’s generalizability. Overall, LGBM proves to be an efficient algorithm for predicting SBS.
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Figure 12: RMSE values with (a) training, (b) testing for LGBM model

LGBM has demonstrated its robustness and superior performance in various forecasting tasks across different fields. For example, Hartanto et al. [66] compared LGBM with other boosting algorithms, such as XGBoost, AdaBoost, and CatBoost, for forecasting stock price and concluded that LGBM provided higher accuracy. Stawiski et al. [67] reported that LGBM achieved better efficiency than RF in predicting quantitative structure-activity relationships with faster computation speed.

LGBM’s high accuracy and superior efficiency can be attributed to its fast training speed, low memory usage, GPU support, parallel learning capabilities, and ability to handle large-scale data [68]. However, it is important to note that LGBM may not always be the best choice for every scenario. For instance, Hindarto [69] found that the Gradient Boosting Machine (R2 = 0.82) slightly outperformed LGBM (R2 = 0.81) in predicting landslide risk. Therefore, while LGBM is a powerful algorithm, it is crucial to evaluate and select the most appropriate model based on the specific dataset and problem at hand.

LGBM is recognized as a powerful and efficient algorithm due to its memory efficiency and scalability, making it particularly well-suited for large, high-dimensional, and imbalanced datasets [70,71]. One of its key features is the use of a histogram-based approach for building decision trees. This method leverages Gradient-based One-Side Sampling (GOSS) to randomly select a portion of the data for each tree split, improving computational efficiency and helping to mitigate overfitting, especially in datasets with many attributes [72]. Another significant characteristic of LGBM is its leaf-wise tree growth strategy, which identifies the optimal split point within a leaf in contrast to traditional level-wise methods. This approach allows LGBM to achieve higher accuracy but can increase the risk of overfitting, particularly as the number of trees grows. Additionally, LGBM effectively handles imbalanced datasets by assigning different weights to various classes, making it well-suited for sparse data and datasets with missing values [71,72].

However, LGBM is not without its challenges. Like other tree-based algorithms, it is prone to overfitting, especially when a large number of trees are used. Moreover, the numerous hyperparameters requiring tuning make LGBM more complex than some other machine learning models [71]. For this study, we employed Grid Search CV for hyperparameter tuning, effectively addressing LGBM’s potential shortcomings and maximizing its performance in SBS prediction despite the limitations posed by the relatively small dataset.

3.2 Importance of the Input Parameters Used in the Modelling

The SHAP analysis results are described in Fig. 13. The dot plot shows the SHAP value density distribution for factors important in predicting SBS. A high SHAP score suggests that this characteristic indicates that the subject has an SBS. Certain representative SHAP interpretations are described by a unique dot per row that characterizes each sample. The feature’s SHAP value determines the position of the dot and the stacked dots along each row to show the density. Color is used in a graph to display the initial value of a feature.
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Figure 13: Analysis of SHAP values of input parameters used in the LGBM model (Note: temperature (T), tack coat rate (R), normal pressure (P))

The bar graph depicts the overall importance of the attribute as expressed by the subject’s absolute SHAP value for the attribute across all samples. This graph depicts the three most critical characteristics for predicting SBS. This is represented as the mean of the absolute value of the SHAP score for that specific attribute across all subjects. A higher SHAP value suggests that this attribute influences model predictions.

The SHAP analysis results indicate that, among the three factors examined, temperature is the most influential factor on SBS, while the tack coat rate has the least impact. This finding aligns with results from previous studies [1,6,12,73]. Temperature is considered the most influential factor on SBS between two layers of asphalt concrete because the mechanical properties of bituminous materials are highly sensitive to temperature variations. At low temperatures, the material exhibits elasticity, while at high temperatures, it exhibits viscoelasticity. Several studies have shown that SBS can decrease by 40%–90% when the temperature increases from 10°C to 60°C [16,23,74–76]. In addition, the SHAP analysis reveals that normal pressure also significantly affects SBS. Canestrari et al. [15], Uzan et al. [73] and West et al. [12] noted that normal pressure is proportional to SBS due to the substantial increase in friction at the interface between asphalt concrete layers, as described by Mohr-Coulomb theory.

On the other hand, Fig. 13 shows that while the tack coat rate does influence SBS, its effect is less significant than that of temperature and normal pressure. Previous research by Mohamad et al. [16], Chen et al. [77], Zhang et al. [76], also found that both insufficient and excessive tack coat application can reduce SBS. A lack of tack coat leads to poor bonding, while an excess can cause slippage at the interface. However, these studies agree that tack coat rate is only one factor influencing SBS, with temperature remaining the most critical determinant.

Based on the analysis of key variables such as temperature, pressure, and tack coat rate, we offer practical recommendations to enhance the applicability of the study’s findings. To achieve optimal SBS, pavement structures should generally operate in low to medium temperature environments with appropriate loads, and the tack coat layer should be applied at an optimal rate. However, modifying these factors may be challenging since the road’s design capacity often dictates operating temperature and vehicle load. Therefore, we propose indirect solutions, such as using specialized tack coat materials in high-temperature regions and implementing measures to control vehicle loads to prevent overloading. Additionally, ensuring uniform application of the tack coat is crucial; even if the tack coat ratio is correctly designed, uneven distribution can significantly reduce SBS performance.

Our study employed a moderate sample size of 240 data sets, which has been validated to ensure the reliability of the results. While we focused on three key variables—temperature, tack coat rate, and normal pressure—future research will include additional factors, such as separation time, types of tack coat materials, and surface conditions. We are also exploring data augmentation techniques and models suited for small sample learning to improve prediction accuracy further. These efforts will address current limitations and contribute to a more comprehensive and generalizable understanding of SBS.

4  Conclusion

SBS between double-layer asphalt concrete is critical for designing flexible pavement structures and assessing pavement quality. Traditionally, determining SBS requires complex and costly shear tests. This study explored using three machine learning algorithms—KNN, ET, and LGBM—optimized through Grid Search and cross-validation to predict SBS. Utilizing a dataset of 240 experimental results, input variables including temperature, normal pressure, and tack coat rate, the LGBM model demonstrated the highest performance, achieving an R2 value of 0.961.

SHAP analysis revealed that temperature is the most significant factor influencing SBS, validating its importance in pavement design. The findings suggest that machine learning models, particularly LGBM, provide an effective and efficient alternative for predicting SBS, potentially reducing reliance on costly traditional methods.

As the development of predictive models is an ongoing process, future research should focus on applying more advanced models to larger and more diverse datasets. Additionally, incorporating extra variables such as humidity, tack coat type, and interface conditions could further enhance the precision and applicability of SBS predictions. The proposed machine learning models offer a rapid and accurate approach to predicting SBS between asphalt concrete layers, providing valuable insights for flexible pavement design.
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Table 3: Statistical analysis of parameters

No. Parameter R P T SBS
1 Count 240 240 240 240
2 Mean 0.375 0.268 41.667 0.308
3 Min 0 0 25 0.009
4 Max 0.8 0.6 60 0.94
5 Std 0.304 0.21 14.367 0.177
6 25% 0.15 0.14 25 0.164
7 50% 0.35 0.2 40 0.31
8 75% 0.575 04 60 0.42
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Table 4: Best parameter of tuning parameter using Grid Search CV

No. Best parameter Models
KNN ET LGBM

1 n_neighbors 2 50 500

2 Weights Uniform - -

3 p 1 - -

4 Criterion — MSE —

5 Max_depth — 8 5

6 Learning_rate - - 0.03

7 Cv 5 5 5
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Table 1: Summary of proposed empirical formulas of the different researchers to predict SBS

Researchers

Formulas

Description

Aietal., 2017
[17]

Mohammad et
el., 2011 [16]

Canestrari et
al., 2013 [15]

SBS = 0.6A — 0.313A,> + 1.568

SBS = 1.56A, — 0.987A%, +
0.165

SBS = 0.616A — 0.726A°%; +
0.213A°% 4 0.172

SBS = 114.55A"%%

SBS = 80.519B~"*
SBS = 0.41 x v**

SBS = 10T+
SBS = 1.27x,
SBS =1.11x,

A: tack coat rate

(1), (2), (3): testing temperature
<25°C, 25°C-35°C, 35°C-60°C

A, B shear stress ratio of mixture A
and B in the study

v: test speed (1.27-200 mm/min)
temperature 10°C-30°C

(only for Pavements 1, 2 and 3 in the
study)

T: temperature (10°C—40°C)

a,b coefficient for only Pavements 1,
2 and 3 in the study

X,;: sample age (normal stress = 0
MPa)

X,: sample age (normal stress = 0.2
MPa)

(only for Pavement 2 in the study)
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Table 2: Summary of proposed soft computing methods for SBS prediction

Algorithms Input data R? Researchers
Artificial Neural Networks 1000 datasets 0.85 Raab et al.,
(ANN) 04 parameters: temperature, 2013 [35]
asphalt concrete type,
normal pressure, traffic
volume
Neuro Fuzzy Inference System 180 datasets 0.96 van Dao et al.,
basing Culture Algorithm based 03 parameters: temperature, 2022 [36]
Adaptive (ANFIS-CA), normal pressure, aggregate
Differential Evolution diameter
(ANFIS-DE) and Invasive Weed
Optimization (ANFIS-IWO).
Feed-Forward Artificial Neural 156 datasets 0.95 AlL-Jarazi

Networks (ANN), Random
Forest (RF), Multiple Linear
Regression (MLR)

04 parameters: temperature,
normal stress, shear
deformation rate, curing
time

etal., 2024 [37]
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Table 5: Statistical results of the predictive models

No. Model Train Test

R? MAE RMSE R? MAE RMSE
1 KNN 0.974 0.014 0.029 0914 0.027 0.051
2 ET 0.977 0.012 0.027 0.921 0.025 0.049
3 LGBM 0.965 0.017 0.033 0.961 0.022 0.035
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