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ABSTRACT 

 

     Rapid evaluation of seismic responses of buildings and structures is an important 

topic nowadays for decision making. Finite element analysis is accurate but 

computationally intensive. In contrast, machine learning offers an efficient, data-driven 

alternative for assessing building structural performance. Typical prediction models are 

used for estimating the maximum structural responses, such as maximum inter-story drift 

ratios (Luk, 2025). Another significant focus within the literature is to forecast the time-

history response of buildings under dynamic loads, which is fundamental to advancing 

performance-based earthquake engineering and structural health monitoring.  

     This study explores the use of multivariate time series forecasting methods to 

estimate the instant responses of buildings. Ensemble-based models and deep learning 

frameworks are rigorously investigated. The models are trained and tested using robust 

datasets obtained from non-linear time history analyses. The results revealed that 

ensemble methods and deep learning methods are potential candidates for forecasting 

future structural responds based on historical records. The effectiveness of deep learning 

models is also explored. Data-driven approaches enable the rapid and effective 

assessment of building structural performance. The models can leverage sensor data to 

predict real-time structural responses for safety verification. 
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1. INTRODUCTION 

 

     Time-series data is a widely used format that arranges observations in 

chronological order to show how they change over time. Time series forecasting is an 

ongoing research topic nowadays, and the goal is to predict future values based on 

historical data. It can be applied to different topics, such as stock market prediction, 

energy consumption estimation, and traffic flow forecasting (Houssein et al., 2025). The 

results are helpful for decision makers planning further actions needed to minimize risk, 

enhance efficiency, or reduce costs.  

     In structural engineering, time series forecasting is a valuable tool to estimate the 

future responses of buildings and structures for vulnerability assessment (Zhang et al., 

2020) or structural health monitoring (Al-Adly and Kripakaran, 2024; Beskhyroun et al., 

2025). Among all topics, forecasting structural responses under extreme events, like 

earthquakes, has played an important role recently to protect public safety.  

 

     1.1 Review on Time Series Forecasting Models 

     In literature, there are a variety of approaches for time series forecasting (Kim et 

al., 2025). Classical statistical methods, such as autoregressive (AR), moving average 

(MA), and autoregressive moving average (ARMA), and autoregressive integrated 

moving average (ARIMA), generally perform very well to capture the patterns for simple 

datasets. However, they are not suitable for complex, highly non-linear, non-stationary 

multivariate time series data that are typical for real life problems.  

     As an alternative, machine learning and deep learning approaches have gained 

popularity in recent years, thanks to numerous successful applications and fewer 

restrictions on datasets (Li and Law, 2024; Hall and Rasheed, 2025; Kim et al., 2025). 

Across diverse application domains, researchers employ a broad spectrum of machine 

learning methods, from decision trees, support vector machines, k-nearest neighbour 

and random forests to deep learning models like multilayer perceptron (MLP), 

convolutional neural networks (CNN), recurrent neural networks (RNN), graph neural 

networks (GNN), transformers, diffusion models and their variants. These deep learning 

algorithms evolved to handle time series data (Houssein et al., 2025).  

     Beyond advances in machine learning algorithms, specialized preprocessing of 

time-series data, such as patching, embedding, decomposition, instance normalization, 

feature engineering and frequency-domain transformations, can further improve deep 

learning model performance (Kim et al., 2025). Patching is a common technique in deep 

learning, where a time series is divided into segments (or patches) so that the models 

can capture temporal dependencies (Gong et al., 2023; Nie et al., 2023). Decomposition 

separates the time series into trend, seasonal and residual components, allowing the 

models to learn the underlying relationships for each (Yu et al., 2024; Zhu et al., 2024; 

Song et al., 2026). 
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     MLP-based models, perhaps the simplest form and lightweight of deep learning, 

process inputs through a series of stacked feed-forward layers. To further enhance 

performance, some MLP-based models, such as TSMixer (Ekambaram et al., 2023), 

TimeMixer (Wang et al., 2024) and PDMLP (Tang and Zhang, 2024), are developed using 

the preprocessing techniques, like patching and decomposition. Some studies revealed 

that such MLP-based models could achieve good performance (Zeng et al., 2023; Liu et 

al., 2024) 

     CNN-based models are widely used in computer vision for tasks such as image 

recognition and scene understanding. They employ convolutional layers to learn salient 

features directly from raw inputs, making them especially effective for grid-structured data 

like images. For time-series data, 1D convolutions are applied along the temporal axis to 

capture patterns over specific time windows, which is determined by the pre-defined 

kernel size. Examples of CNN-based models include TCN (Bai et al., 2018), PatchMixer 

(Gong et al., 2023) and SCINet (Liu et al., 2022). 

     RNN-based models are commonly employed to process sequential data, such as 

time series data, speech and text. RNN models pass the outputs from the previous time 

to step back to the models to capture the historical information, making them suitable for 

processing time series data. However, vanilla RNNs suffer from vanishing and exploding 

gradients issues when modelling long-term dependencies. To address the shortcomings, 

gated architectures like long short-term memory (LSTM) and gated recurrent units (GRU) 

were developed. LSTMs employ input, forget and output gates to control the flow of 

information, enabling effective learning of both long-term and short-term dependencies. 

GRUs streamline this design with reset and update gates, reducing parameter count and 

computation while often achieving performance comparable to LSTMs. Modern 

examples for RNN-based models include PA-RNN (Zhang et al., 2024), DAN (Li et al., 

2024) and RWKV-TS (Hou and Yu, 2024). 

     Transformer-based models have demonstrated their effectiveness in natural 

language processing and have become the foundation for many large language models. 

This approach employs the self-attention mechanism to identify relationships among 

input tokens. However, the effectiveness of vanilla transformer models for time series 

forecasting, which is based on point-wise attention on each data point, is not significant 

since the nature of time series data is different from language (Zeng et al., 2023; Liu et 

al., 2024). With advanced data preprocessing techniques, such as patching, many 

effective attention-based variants were then developed, such as Autoformer (Wu et al., 

2021), PatchTST (Nie et al., 2023), Crossformer (Zhang and Yan, 2023), iTransformer 

(Liu et al., 2024) and Leddam (Yu et al., 2024).  

     GNNs are widely used to process graph-structured data that are composed of 

nodes and edges. Time series data could be modelled as graph, where node is used to 

represent each time series data point, while edge represents the relationship between 

different data points. Suitable algorithms like graph convolution networks and graph 
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attention networks can be used to process graph-structured data. Examples of GNN-

based models include MSGNet (Cai et al., 2024a) and ForecastGrapher (Cai et al., 

2024b). 

     Hybrid models that combine multiple machine learning models offer powerful ways 

to improve predictive accuracy and reliability. Different ensemble methods, such as 

voting, stacking, bagging and boosting, could be employed. Shi et al. (2024) adopted a 

hybrid LSTM-Transformer model for mine water inflow forecasting. It showed that the 

proposed model performed better than individual models and the hybrid CNN-LSTM 

model. Dakheel and Çevik (2025) proposed a hybrid LSTM-XGBoost framework for grid 

load forecasting. In this approach, the LSTM model first generates predictions, after 

which the residuals are computed and used as inputs for XGBoost model. The results 

showed that the hybrid model outperformed each of the individual models. Şahin and 

Çubukçu (2026) experimented with various combinations of RNN-based and ensemble 

models and ultimately proposed a hybrid approach, called MP-LRNet, which combines 

LSTM and random forest with multi-patches for furniture sales prediction. The model 

demonstrates reliable predictive ability in different domains of data.   

     Recently, meta-learning and contrastive learning have emerged as promising 

approaches in time-series forecasting (Zhu et al., 2024; Song et al., 2026). Meta-learning 

aims to train a prediction model based on different forecasting tasks so that it can quickly 

adapt to a new task. Contrastive learning is a self-supervised technique that learns useful 

representations by pulling similar (positive) time series segments closer in an embedding 

space and pushing dissimilar (negative) ones apart. 

     In addition, physics informed deep learning (PIDL) is also implemented in different 

physical problems (Cuomo et al., 2022). This approach embeds physics equations or 

boundary conditions into the loss function to take account of both data accuracy and 

physic rules. For instance, Zhang et al. (2020) proposed a PhyCNN framework that 

integrates CNN layers, state space model, central finite difference method and equation 

of motion for predicting seismic responses of buildings. Hu et al. (2024) made use of 

LSTM networks, state space formulation and Rung-Kutta solver to forecast the seismic 

response of buildings. Both studies showed that physics-informed models outperformed 

neural network models without considering physic constraints. 

     A comprehensive understanding of how machine learning algorithm suitability and 

network architecture impact seismic response estimation is still lacking, highlighting the 

need for deeper study. 

 

     1.2 Multivariate Time Series and Global Model 

     Univariate time series forecasting refers to problems that involve datasets with only 

one time-varying feature (i.e., target feature). In this case, predictions in the next time 

steps (horizons) are estimated based on the historical records (lookback windows). This 

approach is suitable for processes governed by a single feature without significant 
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correlation with other variables. However, in most real-world problems, the target feature 

also depends on other time-varying features or exogenous variables. In this case, a 

multivariate time series dataset is normally required. 

     Local model is built based on a single time series dataset, so that it is highly suitable 

for the case under consideration, but the effectiveness for applying to other scenarios is 

not guaranteed. In contrast, global models are trained on numerous time series datasets 

obtained across diverse tasks. Consequently, they exhibit strong generalization 

capabilities and are ready to adopt a variety of real-life problems. 

     The seismic behaviour of buildings is governed by the structure characteristics and 

earthquake parameters. A multivariate time series approach offers a natural framework 

for considering these two factors simultaneously. To ensure broad applicability across 

diverse real-life situations, many local models are required, each trained on its own 

specific time series data. As an alternative, a global model may provide a more efficient 

solution to this type of problems.  

 

     1.3 Objectives 

     This study investigated the use of multivariate time series forecasting approach for 

predicting the seismic responses of building structures under earthquakes. Top drift is 

taken as the target variable to reflect the structural performance. Ensemble methods and 

deep learning frameworks are considered for forecasting time series responses. The 

effect of lookback window size, deep learning network architectures design and 

effectiveness of different ML algorithms are explored.  

 

2. METHODOLOGY 

 

     The development of machine learning models for forecasting seismic responses 

comprised of three steps. First, a comprehensive dataset was generated via numerous 

nonlinear time-history analyses. Second, data consolidation and data pre-processing 

were performed, followed by ML model development. Finally, model evaluation was 

carried out to study the effectiveness of various of ML algorithms. 

 

     2.1 Dataset Preparation via Non-linear Time History Analysis 

     A time series dataset for training the machine learning models was prepared via 

numerical simulations. A total of 40 reinforced concrete prototype models with various 

geometry were designed in according to the codes of practice in Hong Kong (HKCP2013). 

The structure parameters and earthquake parameters were summarized in the previous 

study (Luk, 2025). A sample building is shown in Fig. 1. The seismic performance of the 

building models was assessed via non-linear time history analyses using ETABS with 16 

past earthquake records. Incremental dynamic analyses were performed by scaling the 

earthquake magnitudes to 0.1g to 1.0g at 0.1g increments. 
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Fig. 1 Sample of 4-story building model 

 

     The displacement time-histories of buildings at different storey levels subjected to 

various earthquake records were automatically extracted using Python scripting, thereby 

improving the efficiency of data preparation. The scripts first opened the ETABS model, 

then extract the displacement time-histories based on the storey level and node label 

and saved them as csv files.  

 

     2.2 Dataset for Time Series Data 

     The dataset for the current project involves (1) time series of the target variable, (2) 

exogenous variables and (3) static variables. To forecast the top drift of buildings, the 

displacement time history at the top story were served as target variable, while time 

histories at other stories and earthquake records were used as exogenous variables. 

Structure parameters, such as height and width of buildings and fundamental period of 

vibration, and representative earthquake parameters, such as peak ground acceleration 

and velocity, were selected as static variables. Table 1 summarizes the selected variables 

in the study. A few time history samples for an 8-storey RC building under four 

earthquakes are shown in Fig. 2, where each row in the figure represents the information 

for a sample building before standardization. 

 

Table 1. Selected parameters for time series dataset 

Type of data Selected variable 

Target variable Top drift 

Exogenous variable (1) Drift at bottom level; (2) earthquake history 

Static variable (1) Height; (2) width; (3) axial load level; (4) fundamental 
period; (5) PGA; (6) PGV; (7) spectral acceleration 

 

 

Model parameters 

Height = 14 m 

Width = 18 m 

Storey height = 3.5 m 

Bay width = 6 m 

Concrete = C35 

Beam (hxb) = 500x300 mm 

Column = 400 mm square  
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Fig 2. Time history samples 

 

      To facilitate the data consolidation and to streamline the model training pipeline, a 

data class, called TimeSeriesDataset, was implemented to efficiently store the time 

history and static data, together with a unique group id and scaler for standardization. 

Totally three datasets for training, validation and testing were created. Note that the 

scaler was fitted using the training data only to avoid data leakage. Fig. 3 shows the data 

structure of the datasets. 

 
Fig 3. Data structure of datasets  
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Testing data 
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     Time series forecasting typically uses records in previous time steps 𝑿 to estimate 

future values 𝒚̂. For multivariate time series problems, the input features can be written 

as 𝑿 = [𝑦𝑡:𝑡+𝐿 ,  𝑥𝑖,𝑡:𝑡+𝐿 ,  𝑠𝑖], where 𝑦𝑡:𝑡+𝐿 is the target variable from time step 𝑡 to 𝑡 + 𝐿 

with 𝐿 representing the lookback window size, 𝑥𝑖,𝑡:𝑡+𝐿 is the 𝑖-th exogenous variable 

from time step 𝑡 to 𝑡 + 𝐿 and 𝑠𝑖 is the 𝑖-th static variable (Kim et al., 2025). The output 

represents by 𝒚̂ = [𝑦̂𝑡+𝐿:𝑡+𝐿+𝑇], where 𝑇 is the forecasting horizon. Multi-output strategy 

(𝑇 > 1) was adopted in this study for time series forecasting based on historical data, 

exogenous variables and static meta data (Joseph and Tackes, 2024). 

     The time series datasets were then processed via suitable transformation 

processor to rearrange the data to suitable format based on the model type, lookback 

window size and forecasting horizon. This process improves flexibility in model 

development by accommodating different types of ML algorithms. In this study, variety of 

lookback window size was considered. Tree-based ensemble models and MLP-based 

models typically take tabular data as inputs, with each row corresponding to one sample. 

In this case, statistical properties, such as mean and standard deviation, for data within 

the lookback window can be computed, serving as additional input features to enhance 

the model performance. On the other hand, RNN-based and transformer-based models 

can directly process sequential data. Fig. 4 illustrates the data transformation process for 

the time series data used in the current study.  

 

 
(a) 

 

TimeSeriesData 

Sample 𝑦𝑡 … 𝑦𝑡+𝐿 𝑥𝑖,𝑡 … 𝑥𝑖,𝑡+𝐿 𝑠1 𝑠2 … 

1 … … … … … … … … … 
2          
3          

…          

 

MLP XGBoost  

Transform to 

Random Forest 

Averaging 

Residual 

Residual 
Subset 1 Subset 2 

𝑿 
Subset N 

Final prediction 

𝒚̂ 𝒚̂ 𝒚̂ 
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(b) 

Fig. 4. Data transformation 

 

     2.3 Models for Time Series Forecasting 

     This study adopted both ensemble models and neural networks to assess the 

effectiveness in the current topic. This study used Python 3.13 as the programming 

platform. Ensemble models, including Random Forest (RF) and Extreme Gradient 

Boosting (XGBoost), were implemented using darts, which is popular library for time 

series forecasting, and xgboost. Neural network models, such as MLP and LSTM, were 

built using PyTorch. Supporting tools from sklearn and statsmodels for data 

standardization and statistical analysis were also adopted. Following describes the basic 

characteristics of the models adopted in the study.  

     Random Forest (RF) is an ensemble method by combining numerous decision 

trees together through bagging approach to improve the predictive accuracy, model’s 

generalization and to control overfitting. Each decision tree is trained on a random subset 

of the training data, and the final prediction is normally obtained by averaging all the 

individual tree outputs. XGBoost (XGB) is known as a highly efficient ensemble model 

based on gradient boosted trees (Chen and Guestrin, 2016). Boosting method builds 

many weak learners sequentially to improve the errors from the previous learners. In 

addition, useful mechanisms, such as regularization, tree pruning and parallelized tree 

construction are implemented. This method commonly outperforms the other ensemble 

models in many competitions, in terms of accuracy and efficiency. 

     A multilayer perceptron (MLP) is a classical feedforward neural network that 

connects multiple dense layers in sequence to learn representations from input data. 

  

 

 

 

 

 

  

 

 

 

 

 

 

 

TimeSeriesData 

LSTM 

Transformer  

    

 

  

   

  

𝑠1 𝑠2 … 

 

Static variables 

  

 

 

 

 

 

  

  

 

 

 

 

 

 

𝑦𝑡 
𝑦𝑡+1 

𝑦𝑡+2 

… 

… 

𝑦𝑡+𝐿 

 

𝑥𝑖,𝑡 

𝑥𝑖,𝑡+1 

𝑥𝑖,𝑡+2 

… 

… 

𝑥𝑖,𝑡+𝐿 

 

Target Exog 

j-th sample 

Patch 

 Decomposition 

Embed 

Concatenate  

L
in

e
a
r 

𝒚̂ 

and their variants 



The 2026 World Congress on
The 2026 Structures Congress (Structures26)
23-25, August, 2026, Convensia, Incheon, Korea

  

Non-linear activation functions like ReLU are commonly used to introduce non-linearity 

to the model. For regression problem, the activation function at the output layer is ignored. 

The weights and bias in the network are adjusted via backpropagation using optimization 

method, such as gradient decent, to minimize the loss function. MLP models can be 

served as reference for comparing the effectiveness of other ML models.  

     Long Short-Term Memory (LSTM) is modified from recurrent neural networks (RNN) 

to overcome the vanishing gradient problem, making it highly suitable for modelling long-

term dependencies in time series data (Hochreiter and Schmidhuber, 1997). In addition 

to the hidden states used in RNN, LSTM introduces input gate, output gate and forget 

gate to control the flow of information. This architecture makes LSTMs exceptionally 

powerful for time series forecasting, speech recognition, and natural language 

processing, effectively capturing patterns across long sequences. Another effective 

network architecture for processing sequential data is transformer models, which 

leverage the self-attention mechanism to capture long-range dependencies and complex 

patterns across sequences (Vaswani et al., 2017). Through multi-head attention, all time 

steps are analysed in parallel to study their relationship, making this method highly 

effective to tackle vanishing gradient problems. This method is normally computationally 

intensive and data hungry. There are many variants of LSTM-based and transformer-

based models in literature. 

 

     2.4 Model Architecture 

     Table 2 summarizes the hyperparameters selected for the models used to estimate 

building drift during seismic events. These values were determined through a systematic 

grid search optimization. For MLP models, different numbers of layer were considered. 

Finally, network with three hidden layers was used. Both ensemble methods and MLP 

models were fed all features in tabular format, as shown in Fig. 4a. In this case, lag 

features for target and exogenous variables were presented in separate columns, 

together with static variables and statistical properties.  

     For LSTM and transformer-based models, the network architectures were first 

adjusted to handle both time series data and static data separately and then 

concatenated them before feeding to the output layer, as shown in Fig. 4b. The 

performance of these models could be enhanced by using patching and decomposition. 

The former one followed the PatchTST approach (Nie et al., 2023), while the latter one 

simply decomposed the time series into trend, seasonal and residual components via 

moving average method before training. 

     Beyond the individual models, a stacking ensemble approach was used to enhance 

performance. The process began by concatenating the outputs of the base learners, 

which collectively formed a metadata set. This metadata was then fed into a meta-learner 

to produce the final predictions. One advantage of this approach is that each base learner 

can capture different patterns of the data. The meta-learner could help to correct the 
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weakness of base learners, further enhancing the overall predictive ability. In this study, 

the base learners comprised of a vanilla Transformer, an LSTM and an XGB model, while 

a separate XGB model acted as the meta-learner, as show in Fig. 5. 

 

 
Fig 5. Stack ensemble model architecture 

 

Table 2. Hyper-parameters adopted for each model 

Model Hyper-parameters / Architecture 

RF n_estimators=300 

XGB n_estimators=300, max_depth=5 

MLP Layers=(512, 256, 128) 

LSTM Layers=1, dim=256, bidirectional=True 

Transformer Layers=1, head=4, dim=128 

PatchTST Style 
Transformer 

Layers=2, head=4, dim=128, patch_size=20, patch_stride=10 

Stack Base-learner: Transformer, LSTM, XGB 
Meta-learner: XGB [n_estimators=400, max_depth=3] 
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     2.5 Training Procedures and Model Evaluation  

     A total of 25 models from the first step were used to develop time series forecasting 

models. The training dataset contained of 2371 time series (60%), while the validation 

and testing datasets each consisted of 800 time series (20% each). The training and 

validation datasets were used during the training phase and backpropagation in neural 

network models, while the testing dataset is for performance evaluation. Several 

evaluation metrics, including mean square error (MSE), mean absolute error (MAE), root 

mean square error (RMSE) and mean absolute percentage error (MAPE) were used.  

 

3. RESULTS AND DISCUSSIONS 

 

     3.1 Evaluation Metrics Across Models 

     Table 3 summarizes the evaluation metrics for the selected models, computed 

using the testing dataset under lookback window of 120 and forecasting horizon of 60 for 

seismic response forecasting. The results show that the two ensemble methods, namely 

the RF and XGB, achieve good predictive performance for the seismic response 

prediction, indicated by relatively low error values. However, RF requires significantly 

longer training time compared to the other models.  

     Among deep learning methods evaluated, LSTM model outperforms the others on 

the current problem. Its performance can be further improved through time series 

decomposition, as evidenced by decrease in MSE from 0.349 to 0.283. In contrast, 

vanilla MLP model underperforms compared to other approaches. Vanilla transformer-

based models perform better than MLP model, but poor than LSTM model. The 

performance of transformer model can be enhanced by applying patching technique with 

patch size of 20 based on PatchTST concept, as indicated by reduction in MSE from 

0.492 to 0.455, since patching could help the transformer capture local temporal patterns 

effectively. Overall, most deep learning models under investigation, except LSTM, 

underperform relative to ensemble methods. One potential reason is because of the 

lookback window size, since deep learning typically requires historical data to capture 

the underlying patterns in the input signal, whereas ensemble methods, like RF and XGB, 

can still perform well with shorter lookback windows. 

     The stacking ensemble model, which is formed by the previous vanilla LSTM, 

vanilla transformer and XGB models, demonstrates a clear improvement in predictive 

performance when compared to its individual base learners. This is achieved by 

leveraging the strengths of multiple models through a meta-learner that learns to combine 

their outputs effectively. The results indicate that the stacking ensemble approach offers 

a simple yet powerful way for boosting overall model performance, often yielding higher 

accuracy and robustness than any single base model alone. 
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Table 3. Comparison of evaluation metrics (window size = 120, horizon = 60) 

Model MSE MAE RMSE MAPE 

MLP (512,256,128) 0.601 0.408 0.775 2.276 

LSTM (layer=1, 256) 0.349 0.294 0.591 3.274 

LSTM (layer=1, 256) with 
decomposition 

0.283 0.283 0.532 3.786 

Transformer (layer=1, head=4, 
d_dim=128) 

0.492 0.329 0.701 2.715 

PatchTST (layer=2, head=4, 
d_dim=128, patch_size=20) 

0.455 0.306 0.674 3.040 

RF (n=300) 0.319 0.272 0.564 4.069 

XGB (n=300, depth=5) 0.414 0.284 0.643 2.864 

Stack ensemble 0.325 0.294 0.571 1.177 

 

     3.2 Influence of Lookback Window Size 

     Table 4 presents the MSE and MAE values for the selected models across different 

lookback window sizes with a forecasting horizon of 60. In general, larger lookback 

window can improve the prediction ability of all models, particular for deep learning 

models. For XGB models, increase in lookback window can reduce the prediction errors 

until the window size is about 3 times the horizon. Further increase in lookback window 

size cannot improve its performance.  

     For deep learning models, however, a consistent improvement in performance is 

observed when lookback window size increases. For instance, the MSE values of vanilla 

transformer models decrease from 0.590 to 0.244 when lookback window sizes increase 

from 60 to 240. Similar trends are found for other deep learning models under 

consideration. To achieve adequate accuracy, the lookback window size should be at 

least three times larger than the size of forecasting horizon.  

 

Table 4. Comparison of lookback window size (horizon = 60) 

Model Lookback window MSE MAE 

XGB 60 0.562 0.325 

120 0.414 0.284 

180 0.217 0.197 

240 0.237 0.207 

Transformer 60 0.590 0.393 

120 0.492 0.329 

180 0.335 0.267 

240 0.244 0.249 

PatchTST Style 
Transformer 

60 0.509 0.338 

120 0.455 0.306 

180 0.230 0.227 

240 0.159 0.204 
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LSTM 60 0.488 0.365 

120 0.349 0.294 

180 0.207 0.229 

240 0.131 0.192 

LSTM with 
decomposition 

120 0.283 0.283 

180 0.185 0.220 

240 0.089 0.173 

Stack ensemble 120 0.326 0.295 

180 0.170 0.193 

240 0.096 0.173 

 

     3.3 Time Series Response Forecasting 

     The previous models can be applied to forecast the top drift of buildings under 

earthquakes. Fig. 6 presents a few time history plots for the historical records, model 

predictions and actual values (dashed line) for two sample buildings under lookback 

window of 240. In general, the predictions from the LSTM with decomposition and stack 

ensemble model are found to closely track the actual values.  

 

 
 

 
Fig 6. Top drift response forecasting 
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4. CONCLUSIONS 

 

     This study investigated the use of data-driven approaches to assess the seismic 

performance of buildings via multivariate time series forecasting. Widely used ensemble 

methods and deep learning methods, including RF, XGB, LSTM, transformer and stack 

ensemble models, were examined. The results demonstrated that well-developed 

models were capable of predicting structural responses of building under earthquake 

excitation, providing valuable insights into structural behaviour and furnishing essential 

early warnings to public. Key achievements and findings are summarized as follows: 

• A TimeSeriesDataDataset was implemented to facilitate development of global 

model for multivariate time series forecasting with static variables. The dataset 

could be transformed and standardized depending on the specific modelling 

requirements. 

• The effectiveness of ensemble and deep learning models were investigated. Both 

RF and XGB were adequate for estimating the seismic responses of buildings with 

limited historical data. MLP and vanilla transformer underperformed relative to the 

previous ensemble models. LSTM-based models could achieve good accuracy in 

the current problem. The lookback window size should be at least three times 

greater than the forecasting horizon for deep learning models to achieve adequate 

accuracy. 

• Advanced time series processing techniques, such as patching and 

decomposition, could effectively enhance the predictive ability of the deep learning 

models. In addition, predictive performance of individual models could be 

improved via stacking ensemble approach.  

• The time series responses for buildings could be effectively captured by well-

developed models, rather than using time-consuming time history analysis. This 

could help to provide rough estimations on the seismic performance of buildings. 

On the other hand, this approach could be applied for forecasting the real-time 

behaviour of buildings for the purposes of structural health monitoring. 

 

     Future development can be carried out by introducing more relevant exogenous 

and static variables for training the predictive models to explore their interactions. Beyond 

the methods considered in this study, further research can be conducted to consider 

other advanced machine learning algorithms, such as graph neural networks and 

contrastive learning, to determine their effectiveness in this application.  
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