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Dynamic building foundation settlement subsidence threatens urban businesses and residential communities. In the temporal domain, building foundation settlement is often dynamic and requires real-time monitoring. Accurate quantification of the uncertainty of foundation settlement in the near future is essential to advanced risk management for buildings. Traditional models for predicting foundation settlement mostly utilize the point estimates approach, which provides a single value that can be close or distant from the actual one. However, such an estimation fails to quantify estimation uncertainties. The interval prediction, as an alternative, can provide a prediction interval for the ground settlement with high confidence bands. This study, proposes a lower upper bound estimation approach integrated with a kernel extreme learning machine to predict ground settlement levels with prediction intervals in the temporal domain. A revised objective function is proposed to further improve the interval prediction performance. In this study, the proposed method is compared to the artificial neural network and classical extreme learning machine. Building settlement data collected from Fuxing City, Liaoning Province in China was used to validate the proposed approach. The comparative results show that the proposed approach can construct superior prediction intervals for foundation settlement.
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INTRODUCTION
Ground settlement is a common geological phenomenon and poses a risk to local communities. The major factor that induces ground settlement is soil liquefaction, which softens soil and causes buildings to settle more than the soil (Feng et al., 2021; Li et al., 2022). Consequently, the shear stresses and contact pressure imposed by buildings change due to soil softening and impact building settlement levels (Karimi et al., 2018; Wei et al., 2020). Settlement is an incremental process and is dynamic in the temporal domain; therefore, settlement prediction is important for managing the potential risk of structural damage in buildings (Feng et al., 2018; Dong et al., 2019). Hence, it is necessary to predict foundation settlement in the temporal domain.
In the literature review, soil physics, and numerical simulations have been widely discussed for modeling ground settlement. Dashti et al. (2010) investigated the mechanism of building foundation settlement and discovered that it is greatly dependent on the characteristics of earthquake motion, liquefiable soil, and buildings. Bullock et al. (2019) developed a physics-based semi-empirical probabilistic model to assess the risk of liquefaction-induced permanent building settlement using 50 case studies. According to Peduto et al. (2013), synthetic aperture radar sensors used in advanced differential interferometric techniques (generically called “DInSAR”), are widely applied to compute settlement severity. The “DInSAR” denotes a remote sensing technique that allows us to analyze deformation phenomena by exploiting the phase difference (usually referred to as interferogram) of SAR image pairs relevant to an area under study. It allows the generation of mean deformation velocity maps and displacement time series from a data set of subsequently acquired SAR images (Gabriel et al., 1989). Ng et al. (2015) performed a series of 3D centrifuge model tests to investigate the ground settlement caused by piggyback twin tunneling. Wang et al. (2019) conducted shake-table tests to analyze the relationship between foundation settlement and the degree of soil liquefaction. Zhang et al. (2020) constructed a 3D fluid-solid coupling finite element model to simulate the ground responses induced by tunneling crossing the interface of water-bearing mixed ground. Such approaches can be successfully applied to case-specific geological conditions. However, ground subsidence is a complex system with heterogeneous geological and geomechanical characteristics. Hence, a more comprehensive approach is needed to model and predict ground settlement that can be applied to a variety of cases with heterogeneous conditions.
Machine learning algorithms have demonstrated their effectiveness and accuracy in modeling ground settlement (Li et al., 2021b). Santos and Celestino (2008) utilized artificial neural networks (ANNs) to predict tunnel-induced settlement in the case study of the Säo Paulo subway construction. Gong et al. (2014) conducted a site exploration and Monte Carlo simulation to study tunnel-induced settlement in clays. Wei and Yang (2018) predicted coal-mining induced ground settlement using an online sequential extreme learning machine. Moosazadeh et al. (2019) integrated the particle swarm optimization algorithm and optimized an artificial neural network to predict the structural damage of buildings caused by foundation settlement. Liu et al. (2020) utilized data mining to select important predictor variables and predict the foundation settlement grout holes in a building basement. Recent research has demonstrated that machine learning algorithms have the potential to become a comprehensive and reliable approach for studying building foundation settlement. Nevertheless, all machine learning approaches utilize a point-estimation approach that does not sufficiently address the uncertainties in the settlement process, which is largely dynamic. An interval-based prediction approach is a feasible solution to address this deficiency.
Among popular machine learning algorithms, the extreme learning machine (ELM) (Huang et al., 2006) has attracted significant attention in the machine learning community in recent years (He et al., 2017a; Xu et al., 2019; Li et al., 2020; Ouyang et al., 2020; Li et al., 2021a; Li 2022a). The ELM algorithm is a single hidden-layer feedforward network that produces promising predictive modeling results across various domains in engineering. For example, Li et al. (2018) integrated Least Absolute Shrinkage and Selection Operator -ELM with parametric copula models to model and forecast geological landslide displacement in the temporal domain. He and Kusiak. (2018) utilized a linear ensemble of multiple ELMs to forecast wind turbine power generation in the renewable energy sector. Ouyang et al. (2018) developed a data-driven framework to automatically classify mechanical error codes within wind turbines. Wei and Yang (2018) first proposed using an online sequential ELM to predict coal-mining induced ground subsidence. The Cox proportional hazard regression model was used to screen the numerical and categorical geological features and the OS-ELM was used to predict the maximum subsidence by inputting the selected features. The above research demonstrates that ELMs outperforms both regression and classification tasks.
Based on the above discussion, this study proposed, a data-driven approach using a kernel extreme learning machine (KELM) integrated with lower-upper bound estimation. First, an interval prediction framework was utilized in the building foundation settlement study and a lower upper bound estimation (LUBE) method was adopted. Second, a KELM was introduced in this study and the selection of the kernels was optimized using a cross-validation experiment. A comparative analysis was performed against state-of-the-art approaches, such as ANNs and classical ELMs. The computational results demonstrated that the proposed approach is feasible and outperforms other methods used for studying building foundation settlement.
The main contribution of this paper is as follows:
• First, it proposed an interval prediction framework to estimate future foundation settlement with quantified uncertainties. A LUBE method was applied in the study.
• Second, it utilized a KELM to enhance the predictive performance of future foundation settlement. A comparative analysis across multiple kernels was conducted to select the optimal kernel for the case studies.
To realize this proposed approach, this paper is organized as follows. Section 2 introduces the data collection process and mathematically defines the underlying problem. Section 3 provides a detailed description of the methods used in this study. Section 4 compares the performance of the models on the geological data collected from the monitoring sites. Finally, Section 5 concludes the study.
FOUNDATION SETTLEMENT AND PROBLEM FORMULATION
Foundation Settlement
In northern China, building foundation settlement is a common event and has resulted in millions of dollars of economic losses and several casualties. The major cause of foundation settlement can be attributed to soil liquefaction, which changes the shear stress in the foundation soil (Dong et al., 2020; Fan et al., 2022). This results in deviatoric deformation within the liquefiable soil beneath the building foundation and volumetric strains due to localized drainage during shaking (Lu et al., 2019). Consequently, the building foundation will be unevenly settled and potentially have dynamic structural movement as illustrated in Figure 1.
[image: Figure 1]FIGURE 1 | Schematic diagram of building foundation settlement.
In engineering geology societies, engineers would construct physics models to compute and forecast foundation settlement, depending on the effect of gravity on the building (Cui et al., 2021; Zhou et al., 2021). However, in practice, there is always a difference between the theoretical settlement and actual settlement curves. As illustrated in Figure 2, actual settlement monitoring and forecasting is a post-hoc analysis that can benefit the risk management process of the building structure.
[image: Figure 2]FIGURE 2 | Vertical diagram of the theoretical and actual settlement.
Our case study area is in Fuxin City, Liaoning Province, China where many buildings are between 20 and 30 years old, are located in urbanized areas or suburbs, and experience uneven foundation settlement. Natural changes in groundwater levels are exacerbated by anthropogenic activities which have caused and accelerated soil liquefaction, resulting in foundation settlement (Fan and Cai 2021). In recent years, several meter-long cracks have emerged in building foundations and at the lower level of walls. The location of our study area and photographs of building foundation settlement are shown in Figure 3.
[image: Figure 3]FIGURE 3 | Case study area and settlement examples.
Data Collection
The dataset was collected by experts from Liaoning Technical University, School of Geomatics and their working institution is near our case study area. They have spent several years monitoring the settlement of multiple buildings in town and local suburb area.
A diagram illustrating the time-series of settlement is shown in Figure 4. In the four building case studies, a monitoring point was configured at the edge of the building. The location was set to 4 m above the ground level as the initial setting. Altitude was measured from the ground level daily, using the absolute difference from the previous day’s measurement as the incremental settlement change. For each case study, two to three monitoring points were used to avoid measurement errors from a single point.
[image: Figure 4]FIGURE 4 | Data collection process of foundation settlement.
The dataset contains the daily monitored foundation settlement from January 2013 to April 2013. We selected the point with the largest cumulative settlement for each case study. In total, 120 time-series observations were obtained for each building. The basic information of the dataset is provided in Table 1, which includes the unit, building type, maximum daily settlement, maximum cumulative settlement, mean daily settlement, and standard deviation of the daily settlement.
TABLE 1 | Description of the foundation settlement dataset of the four case study buildings.
[image: Table 1]Problem Formulation
The main objective of this research is to develop a data-driven framework to predict the interval of possible foundation settlement values in the temporal domain. For each case study, the foundation settlement was monitored daily and the target was to predict the incoming daily settlement value. The underlying problem is formulated in Eq. 1:
[image: image]
Where [image: image] represents the instant settlement in the future at time t and [image: image] denotes the historic lagged settlement based on the actual measurement. To predict the settlement for a period, this study adopted the sequential prediction strategy introduced in Section 3.5.
MATERIALS AND METHODS
Auto-Correlation Analysis
The daily foundation settlement is a time-series data format in the temporal domain. In many cases, the daily settlement always reflects strong statistical patterns including seasonality and autocorrelation (Zhou et al., 2018). The identification of such patterns is essential to the construction of time-series prediction models as it determines the optimal input size. Here, two fundamental statistical indices are adopted to discover the statistical autocorrelation patterns: the autocorrelation function (ACF) and the partial autocorrelation function (PACF).
The ACF measures Pearson’s correlation coefficient between the current settlement and its k-lagged historic settlement series. Meanwhile, the PACF computes the additional contribution from the lag-k series to the current settlement, which is nonzero in most cases. The ACF and PACF are computed using Eqs. 2, 3 (Ouyang et al., 2017):
[image: image]
[image: image]
where [image: image] and [image: image] are the current and k-lagged settlement series, respectively, [image: image] is the ACF, and [image: image] is the PACF, which computes the conditional correlation between [image: image] and [image: image].
Kernel Extreme Learning Machine
An ELM (Huang et al., 2006) is a single hidden-layer feedforward neural network. Compared with classical artificial neural networks, it contains only three components: an input layer, a single hidden layer, and an output layer. Given a pair of input/output data samples ([image: image]), the classical ELM can be formulated in Eq. 4 (Wei and Yang 2018):
[image: image]
Where [image: image]i represents the weight vector that connects the jth hidden neuron to the output neuron. The [image: image] serves as a general mapping function that maps the input features into latent space (He and Kusiak. 2018). Hence, a compact form of an ELM can be written as Eq. 5:
[image: image]
Where [image: image] and [image: image] are expressed as follows:
[image: image]
[image: image]
To obtain the optimal solution for the ELM, the least-squares solution can be computed using Eq. 8 as follows:
[image: image]
Where † denotes the Moore-Penrose generalized inverse. Figure 5A depicts the classical structure of the ELM algorithm.
[image: Figure 5]FIGURE 5 | Schematic diagram of kernel extreme learning machine.
In addition to the classical ELM, owing to unknown/unspecified feature mapping, we cannot calculate the Moore-Penrose inverse in Eq. 8. Hence, a kernel version of ELM can be obtained by defining the kernel matrix as follows:
[image: image]
[image: image]
Where [image: image] is the kernel matrix. The output function of KELM for a new testing observation can be computed using Eq. 11 as follows:
[image: image]
In this study, we examined the effectiveness of two popular kernels, the Gaussian kernel Eq. 12 and polynomial kernel Eq. 13, which are expressed as:
[image: image]
[image: image]
Where [image: image] is the kernel width and d denote the polynomial degree. An explicit interpretation of the effect of the kernel function is presented in Figure 5B.
Prediction Interval Formulation Using the Lower Upper Bound Estimation Method
Prediction intervals (PIs) are widely used to quantify the uncertainty in prediction models (Li 2022b). Given an input feature vector xi, a PI with a confidence level of 100% (1-α) constructed for the prediction target yi, can be expressed in (14) as follows:
[image: image]
Where α denotes the quantile of the standard normal distribution and [image: image] and [image: image] are the lower and upper bounds of the ith PI, respectively, as illustrated in Figure 5A. The predicted target settlement is expected to be covered by [image: image] with a coverage probability expressed by Eq. 15:
[image: image]
In this study, the LUBE method was adopted to customize the KELM model as presented in Section 3.2. PIs were constructed as outputs for the KELM algorithm. As shown in Figure 5 the proposed KELM contains two output neurons. The upper and lower bounds can be formulated in Eqs. 16, 17 as follows:
[image: image]
[image: image]
Where xj denotes the jth input and [image: image] and [image: image] are the lower and upper outputs for the jth input sample, respectively, as shown in Figure 6.
[image: Figure 6]FIGURE 6 | Sequential prediction strategy.
Training and Testing Strategies
In this study, the historic lagged settlement values were selected as inputs and the future settlement value as the output. We collected 120 settlement observations from January 2013 to April 2013 from each case study. Ninety observations between January and March 2013 were used as the training/validation set and the remaining 30 observations in April 2013 were used as the testing dataset.
To predict the settlement, a sequential prediction strategy was adopted to predict the periodic foundation settlement, as shown in Figure 6.
As shown in Figure 6, the inputs and outputs are defined in the time-series prediction model. The k historic values of the settlements were used as inputs in the prediction model. The optimal value of k is determined by the autocorrelation analysis considering the computed ACFs and PACFs. A single settlement at time t is the output of the prediction model. To predict the settlement at time t+1, the predicted settlement at time t and its k-lagged historic settlement values were selected as the new inputs. The output was the settlement at time t+1. After training it repeatedly in a sequential manner, the periodic incoming settlement was predicted and compared with ground truth data for model evaluation.
Evaluation Metric and Loss Function
In this study, two widely used metrics, namely prediction interval coverage probability (PICP) and prediction interval normalized average width (PINAW) (Ouyang et al., 2019) were used to measure the performance of prediction intervals. The PICP and PINAW can be computed using Eqs 18, 19:
[image: image]
[image: image]
Where [image: image] represents the number of observations and [image: image] and [image: image] are the minimum and maximum values of the true target, respectively. Variable [image: image] is a binary indicator function that determines whether the target falls into the limit of PI which can be expressed in Eq. 20 as follows:
[image: image]
In general, the PICP evaluates the probability that the prediction target falls within the bound between the upper and lower limits. The value of PICP ranges between 0 and 1. The PINAW denotes the mean width of the PIs. In most cases, high PICP values and low PINAW values indicate high-quality PIs (Sun et al., 2017).
The PICP and PINAW are two conflicting properties. To maintain a comprehensive balance between the two metrics, a cost function, namely the coverage width-based criterion (CWC), was used in this study. The CWC can be computed using Eq. 21.
[image: image]
Where the parameters [image: image] and [image: image] are used to define the penalty term [image: image] to maintain the balance between [image: image] and [image: image] and [image: image] is used to reduce the risk of the PI constraint violation during the training process. When predicting building foundation settlement, it is difficult to adjust the optimal balance between the coverage of the forecast interval and the interval width under different settlement speeds through [image: image]. Thus, a revised version of the CWC is proposed in this study to increase the power of the penalty parameter, as expressed in Eq. 22:
[image: image]
Where parameter [image: image] linearly amplifies the [image: image] and parameter [image: image] is used to avoid disappearance if [image: image] is too small. In this research, the [image: image] is used as the objective function to train the KELM following the LUBE approach.
Benchmarking Methods
In this research, the ANN and classical ELM were selected as benchmarking algorithms for the comparative analysis. The classical ELM is described in detail in Section 3.2, where the only difference compared with the KELM is the kernel function utilized for feature mapping.
The ANN is a non-parametric algorithm developed based on cognitive learning processes and is capable of accurately predicting patterns that are not part of the training dataset. The structure of the ANN algorithm permits accurate mapping between the input and output in a highly nonlinear system (He et al., 2017b).
The neuron is the most essential element that functions within an ANN. With multiple neurons stacked in the hidden layers, nonlinear mapping between the input features and output can be expressed as Eq. 23:
[image: image]
Where xj represents the jth input feature, wj is the weight associated with the jth input, b is the bias, and [image: image] is the activation function. In this study, the ANN was also customized using the LUBE method and the sigmoid activation function.
RESULTS
Auto-Correlation Analysis
The selection of the optimal input feature set affect the performance of the data-driven models. Inspired by the ARIMA model, the ACF and PACF are computed between the current settlement and its k-lagged historic settlement to investigate the autocorrelation and seasonality within the dataset. The combination of the ACF and PACF results determines the final input feature sets.
As illustrated in Figure 7, the ACFs and PACFs were computed for the four time-series datasets for the four case study buildings listed in Table 1. The Ljung-Box test statistic was used to measure the statistical significance of the correlation coefficients. As shown in Figure 7, the blue lines serve as the threshold of the Ljung-Box test statistic and any lagged series with coefficients outside the band region are considered significant and thus, statistically impact the current settlement.
[image: Figure 7]FIGURE 7 | Computed ACFs and PACFs for the four cases study time-series.
Based on the computational results of the ACFs and PACFs, the optimal number of lagged series that can be selected as inputs for the time-series model for building A’s settlement data is 13. For buildings B and C, the optimal numbers of lagged series are 7 and 19, respectively. In addition, the number of lagged series selected as inputs was 16 for building D.
Hyper-Parameter Optimization
After the selection of the optimal input series, three algorithms, including the ANN, classical ELM, and KELM were selected for training and validating the time-series prediction model. Tuning the hyperparameters is an essential component of the process to ensure that the models can achieve optimal prediction performance.
Table 2 lists the number of hyperparameters for the three algorithms and the various initial settings of the parameters. For the ANN algorithm, two hyperparameters required optimization: the number of hidden layers and the number of hidden neurons in each layer. In the classical ELM algorithm, the number of hidden neurons within the hidden layer was the only hyperparameter that required optimization. The hyperparameters of the KELM included the number of hidden neurons in the hidden layer and the selection of kernel functions for feature mapping. The PICP was selected as the measurement metric for the selection of optimal hyperparameter settings for the three algorithms listed above.
TABLE 2 | List of hyperparameters tested for ANN, ELM, and KELM.
[image: Table 2]According to the computational results, the ANN algorithm with two hidden layers and 10 hidden neurons in each layer, had the smallest PICP value. For the classical ELM, the optimal number of hidden neurons was 15. For the KELM algorithm, the best performing kernel function was the Gaussian kernel and the optimal number of hidden neurons was 15. The training of the optimal setting of the KELM for the building settlement time-series data of all four cases is presented in Figures 8, 9.
[image: Figure 8]FIGURE 8 | Training KELM on the four case study buildings using original CWC.
[image: Figure 9]FIGURE 9 | Training KELM on the four case study buildings using proposed CWC.
As shown in Figure 8, the original CWC decreased as the number of training epochs increased. For the four case studies, convergence of the original CWC occurred between 50 and 100 epochs. In comparison, as illustrated in Figure 9, the proposed CWC converged faster with a sharper gradient. This phenomenon can be attributed to parameter [image: image] linearly amplifying the [image: image] and thus accelerating the convergence process. For all four buildings, the convergence of the proposed CWC occurred around the 50th epoch, which was comparatively faster than the original CWC, displayed in Figure 8. The experimental results confirm the superiority of the proposed CWC over the original CWC in training the KELM using the LUBE approach.
Foundation Settlement Prediction
Based on the obtained optimal settings for the hyperparameters, the prediction of the testing data for the four time-series settlements in April 2013 was performed. In this research, the prediction of the testing dataset was not evident, therefore, we adopted the sequential prediction strategy, as illustrated in Figure 6, to predict the daily incremental settlement of the four buildings. The prediction intervals were then overlaid with the actual measured incremental settlement as shown in Figure 10.
[image: Figure 10]FIGURE 10 | Prediction intervals constructed for the testing dataset using KELM.
As illustrated in Figure 10, prediction errors existed between the actual measured settlement and the predicted settlement. If we consider the systematic uncertainty in the prediction process, PIs can be constructed and the majority of the actual settlements fall within the 95% confidence level PIs according to the prediction outcome. However, since a few outliers fell outside the PIs, we used the overall measurement metrics (i.e., PICP and PINAW) to compute the overall prediction performance, as presented in Table 3.
TABLE 3 | PICP and PINAW of ANN, ELM, and KELM on the testing dataset.
[image: Table 3]As listed in Table 3, the PICP of the KELM integrated with the LUBE method was computed for the ANN, ELM, and KELM. In the settlement time-series of the four buildings, the KELM outperformed all the algorithms that were tested and produced the highest mean PICPs and lowest mean PINAWs. Based on the intrinsic formulation of these two metrics, the higher values of PICP and lower values of PINAW indicate more accurate and reliable interval prediction results. Hence, the effectiveness and robustness of the prediction power of the KELM with respect to interval prediction was demonstrated.
CONCLUSION
To predict building foundation settlement, a novel data-driven framework for interval prediction of time-series settlement prediction was presented in this study. First, the LUBE approach was applied to construct prediction intervals. Second, a kernel extreme learning machine was customized for the interval prediction task and predicted future settlement. Third, a revised version of the CWC was proposed to further improve the interval prediction performance. Four case studies in Liaoning Province were selected for this study and the daily settlement was monitored in the temporal domain. The computational results validated the superiority of the proposed algorithm by comparing it with benchmarking methods, including ANN and classical ELM.
The proposed approach is feasible to use this approach to monitor and assess building structural risks. The engineers can embed the proposed algorithm into the chip of the monitoring equipment and the predictions can be made in real-time. The settlement can be estimated in-advance and the risk analysis can be conducted by field engineers.
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