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Abstract. Accurately predicting tunnel deformation to ensure construction safety, optimize support, and issue structural 
risk warnings. When settlement gages, convergence gages, inclinometers, and stress sensors are used for monitoring, phased 
evolution, measurement noise, and incomplete observations often occur. This article proposes a new adaptive state-space 
Kalman filter model for predicting tunnel deformation. The model uses displacement, deformation velocity, acceleration, 
surrounding pressure, and construction phase parameters to illustrate the development of deformation. Using the state-
space refinement method, update the state transition matrix and noise covariance based on the most recent monitoring 
residuals. Finally, the optimized Kalman filter calculates the alarm probability and short-term deformation prediction. Based 
on experimental analysis, ARIMA, support vector regression, neural networks, standard Kalman filters, and deep sequence 
models were tested. The tunnel monitoring sequence consists of multiple segments. The new technology reduced the noise 
observation RMSE to 1.36 mm and improved the early warning recall rate to 93.5%. This paper proposes a tunnel 
deformation monitoring system prediction method that is easier to use and understand. 
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Introduction 
Tunnel deformation monitoring is divided into three stages. Excavation, lining construction, support installation, 
and long-term operation. The changes in rock mass and structural deformation have been continuously 
monitored by settlement gages, convergence gages, inclinometers, extensometers, stress sensors, and mobile 
scanning systems. The monitoring data will be used to evaluate the support effectiveness, identify unstable 
convergence issues, and adjust construction measures before local deformation leads to safety accidents [1]. 
Visualization of shield tunnel deformation and convergence research based on deep learning indicate that under 
operational and construction disturbances, sensor sequences can reveal phased deformation patterns [2]. 
Sensor data and ground settlement predictions from embedded tunnel foundation monitoring have also 
demonstrated the reliability of data-driven deformation predictions in engineering risk control [3]. 

However, the tunnel monitoring sequence model is not accurate. Deformation is influenced by the following 
factors: the distance to the excavation face, the grade of the surrounding rock, groundwater, the stiffness of the 
lining, the support time, and the construction load. Measurement sequences typically include time-varying noise, 
missing observations, abrupt changes, and non-stationary trends. Machine learning methods that can model 
nonlinear relationships include Gaussian process regression and neural networks, but these methods typically 
require a large amount of training data and have poor interpretability at the state level [4]. Research on shield 
tunnel settlement prediction and subway ground deformation indicates that data-driven models are appropriate. 
However, when monitoring conditions change or data is insufficient, the reliability of the model decreases [5]. 
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Although the Kalman filter has good engineering interpretability, the fixed state transition matrix and constant 
covariance may not be suitable for changes in excavation disturbances and sensor noise [6]. 

This paper proposes an adaptive state-space Kalman filter model based on multiple monitoring sensors to 
predict tunnel deformation. The model's displacement, velocity, acceleration, surrounding pressure, and 
construction phase variables can be used to determine the micro-deformation state of the model. The state 
transition matrix and noise covariance are adjusted based on the behavior of recent residuals to accommodate 
the acceleration caused by excavation and the stability provided by support. Research is underway to improve 
the accuracy of short-term predictions, reduce the accumulation of errors in the presence of missing or noisy 
data, and create interpretable tunnel safety monitoring warning probabilities. 

Related Work 

Sensor Monitoring and Tunnel Deformation Prediction 

The tunnel deformation monitoring network has recently added fixed sensors, mobile detection systems, and 
numerical models. By using mobile monitoring systems, cross-sectional deformation analysis can enhance the 
spatial perception of shape changes in shield tunnels [7]. Research on tunnel construction monitoring indicates 
that lining, convergence, and settlement deformations are typically related to the phased paths associated with 
excavation and support times [8]. Monitoring and settlement methods for composite structures: Research on 
river-crossing shield tunnels indicates that multiple observation sources are needed to detect local deformations 
and longitudinal irregularities [9]. 

Tunnel and geotechnical engineering predictions have utilized a large amount of machine learning. In addition 
to deformation prediction, automated learning, Gaussian process regression, and neural networks have been 
used to address ground subsidence and geomechanical parameter estimation issues [10]. Research on long-term 
settlement prediction and defect detection in tunnels indicates that tunnel risk assessment can be supported 
using monitoring data [11]. However, the performance of the model is crucially dependent on the quality of the 
data and the stability of the features. According to deformation analysis based on monitoring and InSAR time 
series prediction, noise and spatial heterogeneity measurements may distort deformation trends [12]. Therefore, 
the tunnel deformation prediction model should be able to simultaneously handle sensor uncertainty and 
maintain the continuity of physical states. 

Deep sequence models, such as LSTM and Transformer, can improve time series predictions for structural health 
monitoring and geotechnical displacement forecasting [13]. Due to the lack of labeled deformation events and 
the requirement for real-time interpretability, deep models are not always suitable for site-level tunnel 
monitoring. State space filtering has clear dynamic equations and updates predictions upon receiving new 
measurements. It is suitable for recursive processing because the system continuously receives short sensor 
sequences from various parts of the tunnel. 

Adaptive Filtering and Sequential State Estimation 

In structural health monitoring, the Kalman filter and its nonlinear extensions are used for parameter estimation 
and deformation prediction. The constrained extended Kalman filter and unscented Kalman filter techniques 
have been used for identifying structural parameters and state assessment [14]. According to the research, 
state-space methods are suitable for handling unobserved internal states. According to statistical time series 
models and infrastructure deformation monitoring, sequence estimation can reduce noise and maintain 
dynamic response [15]. 

Since the tunnel shape changes over time, the adaptive filter needs to adjust. Fixed covariance may reduce the 
uncertainty of the stable process while also reducing the uncertainty of the excavation process. The ensemble 
Kalman prediction of subway surface deformation indicates that filtering can improve monitoring-based 
predictions by explicitly considering uncertainty [16]. Recursive correction has also demonstrated that using a 
Kalman filter to predict landslide deformation can reduce prediction drift [17]. Tunnel monitoring is a state-
space refinement method that needs to address missing measurements, residuals, and delayed observations, 
rather than assuming noise is constant. 
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Time series forecasting and deep learning provide auxiliary baselines. Long sequence models can simulate 
nonlinear temporal patterns. Informer, Temporal Fusion Transformer, and other deep prediction studies have 
proven this point [18]. Research on displacement prediction based on LSTM also provides a reference for 
nonlinear sequence learning [19]. On the other hand, these models are usually complex to train, and the state 
covariance is opaque. Using an efficient Kalman filter can create a concise, easy-to-train, and easy-to-interpret 
tunnel deformation prediction model [20]. In uncertain environments, real-time displacement tracking aids in 
online structural response estimation [21]. Research on deep damage identification indicates that learned 
schedules can be used to diagnose infrastructure [22]. Sensor network coverage predictions indicate that 
reliability monitoring must be considered when performing state estimation [23]. Deep prediction models also 
predict the sequence of structural loosening well [24]. According to the prediction of the Kalman filter, recursive 
correction can reduce deformation drift [25]. The general prediction model based on Kalman filtering supports 
low-latency recursive prediction [26]. The recursive state prediction of the Kalman filter aids in hybrid sequence-
state modeling [27]. According to the estimates of the unscented Kalman filter with multiple models, the 
foundation for adaptive state updating has been improved [28]. The research on extended and unscented 
Kalman filtering provides useful examples for nonlinear monitoring systems [29]. In addition, the quantification 
of displacement uncertainty also supports the use of posterior covariance in early warning decision-making [30]. 

Methodology and Experimental Evaluation Framework 

Multi-Source Monitoring Sequence Modeling 

Record the settlement, convergence, tilt meter data, surrounding pressure, and construction phase observations 
of multiple tunnel sections. During active construction, samples are taken every 30 minutes, and during stable 
operation, samples are taken every 2 hours. To ensure the consistency of state estimation, all sensor channels 
are aligned by timestamp and normalized based on the statistical data from the training phase. 

𝑦𝑦𝑡𝑡 = [𝑠𝑠𝑡𝑡, 𝑐𝑐𝑡𝑡, 𝑖𝑖𝑡𝑡, 𝑝𝑝𝑡𝑡, 𝑒𝑒𝑡𝑡] Eq.(1) 
Here, 𝑠𝑠𝑡𝑡  denotes vault settlement, 𝑐𝑐𝑡𝑡  denotes horizontal convergence, 𝑖𝑖𝑡𝑡  denotes inclination response, 𝑝𝑝𝑡𝑡  
denotes surrounding pressure, and 𝑒𝑒𝑡𝑡  denotes construction-stage encoding. This observation vector links 
measurable deformation and disturbance variables. 

The deformation state includes displacement, velocity, acceleration, pressure correction, and residual trend. 
Compared with using displacement alone, this state design allows the model to represent deformation evolution 
and its shortterm change rate. 

𝑥𝑥𝑡𝑡 = [𝑑𝑑𝑡𝑡, 𝑣𝑣𝑡𝑡, 𝑎𝑎𝑡𝑡, 𝜓𝜓𝑡𝑡, 𝜌𝜌𝑡𝑡]𝑇𝑇  Eq.(2) 
The term 𝑑𝑑𝑡𝑡 is the deformation value to be predicted, 𝑣𝑣𝑡𝑡 and 𝑎𝑎𝑡𝑡 describe deformation speed and acceleration, 
𝜓𝜓𝑡𝑡 represents pressure correction, and 𝜌𝜌𝑡𝑡 stores the residual trend caused by unmodeled disturbance. 

Sensor sequences often contain missing values and abnormal spikes. A reliability coefficient is assigned to each 
observation according to missing ratio, local fluctuation, and sensor status. 

𝜔𝜔𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝜔𝜔𝑞𝑞𝑡𝑡 + 𝑏𝑏𝜔𝜔) Eq.(3) 
When 𝜔𝜔𝑡𝑡 is low, the model reduces the influence of the current observation and relies more on state prediction. 
In the dataset, about 7.8% of samples contain at least one incomplete channel. The aligned and reliability-
corrected sequence is then used as the input of the refined Kalman Filter. Figure 1 shows how multi-source 
monitoring records are converted into state vectors and observation vectors for recursive prediction. 
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Figure 1. Multi-source tunnel deformation monitoring sequence modeling process 

Adaptive State-Space Kalman Prediction Model 

The basic state-space model describes the dynamic process of tunnel deformation caused by structural 
reinforcement and construction disturbances. Due to the different changes in deformation during excavation, 
support installation, and stable operation, the state transition matrix is not fixed. 

𝑥𝑥𝑡𝑡 = 𝐹𝐹𝑡𝑡𝑥𝑥𝑡𝑡−1 + 𝐵𝐵𝑡𝑡𝑢𝑢𝑡𝑡 + 𝑤𝑤𝑡𝑡 Eq.(4) 
The control variable 𝑢𝑢𝑡𝑡 contains excavation distance, support timing, and surrounding rock grade encoding. The 
process noise 𝑤𝑤𝑡𝑡  represents unmodeled geotechnical disturbance. 

The observation equation maps hidden deformation state to measured sensor data through 𝐻𝐻𝑡𝑡 , while 
observation noise 𝑟𝑟𝑡𝑡  is affected by sensor precision, installation condition, and environmental disturbance. 
During rapid excavation, 𝑟𝑟𝑡𝑡 becomes larger because measurements fluctuate more strongly. 

The transition matrix is refined using recent residual statistics. If residuals show persistent positive drift, the 
deformation acceleration component is strengthened; if residuals decay, the model increases stabilization 
weight. 

𝐹𝐹𝑡𝑡 = 𝐹𝐹0 + 𝜆𝜆𝑓𝑓
𝑒𝑒𝑡𝑡−1𝑒𝑒𝑡𝑡−1𝑇𝑇

‖𝑒𝑒𝑡𝑡−1‖2 + 𝜀𝜀
 Eq.(5) 

Here, 𝑒𝑒𝑡𝑡−1 is the previous prediction residual. This residual-driven refinement allows the model to adapt when 
deformation begins to accelerate before crossing the warning threshold. 

The process covariance is also updated by residual energy. High residual energy indicates that the current state 
transition is uncertain and should be corrected more aggressively. 

𝑄𝑄𝑡𝑡 = 𝛽𝛽𝑄𝑄𝑡𝑡−1 + (1 − 𝛽𝛽)𝑒𝑒𝑡𝑡−1𝑒𝑒𝑡𝑡−1𝑇𝑇  Eq.(6) 
The smoothing coefficient 𝛽𝛽  is set to 0.82. This value avoids abrupt covariance oscillation while preserving 
sensitivity to excavation disturbance. 

Observation covariance is refined according to sensor reliability. Missing or unstable measurements receive 
larger observation noise, reducing their impact on the posterior state. 

𝑅𝑅𝑡𝑡 = 𝑅𝑅0 + 𝜆𝜆𝑟𝑟diag(1 − 𝜔𝜔𝑡𝑡) Eq.(7) 
Since a single fault converging instrument should not affect state correction, this update is for the field 
monitoring section. 
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In previous predictions, the adjusted transfer and covariance were used. Estimate the deformation before 
measuring the current value. 

𝑥̂𝑥𝑡𝑡∣𝑡𝑡−1 = 𝐹𝐹𝑡𝑡𝑥̂𝑥𝑡𝑡−1∣𝑡𝑡−1 + 𝐵𝐵𝑡𝑡𝑢𝑢𝑡𝑡 Eq.(8) 
The prior covariance propagates uncertainty through the refined state transition. 

𝑃𝑃𝑡𝑡∣𝑡𝑡−1 = 𝐹𝐹𝑡𝑡𝑃𝑃𝑡𝑡−1∣𝑡𝑡−1𝐹𝐹𝑡𝑡𝑇𝑇 + 𝑄𝑄𝑡𝑡 Eq.(9) 
The Kalman gain is calculated from the prior covariance and refined observation covariance. 

𝐾𝐾𝑡𝑡 = 𝑃𝑃𝑡𝑡∣𝑡𝑡−1𝐻𝐻𝑡𝑡𝑇𝑇(𝐻𝐻𝑡𝑡𝑃𝑃𝑡𝑡∣𝑡𝑡−1𝐻𝐻𝑡𝑡𝑇𝑇 + 𝑅𝑅𝑡𝑡)−1 Eq.(10) 
A larger Kalman gain means that the current measurement is reliable and informative. A smaller gain indicates 
that the filter trusts the predicted deformation state more than the sensor reading. 

Training-Free Updating and Evaluation Configuration 

The posterior deformation state is updated by combining the prior state and the reliability-calibrated 
observation residual. The model is training-free in the sense that it does not require backpropagation; only a 
small group of refinement coefficients is selected on the validation set. 

𝑥̂𝑥𝑡𝑡∣𝑡𝑡 = 𝑥̂𝑥𝑡𝑡∣𝑡𝑡−1 + 𝐾𝐾𝑡𝑡(𝑦𝑦𝑡𝑡 − 𝐻𝐻𝑡𝑡𝑥̂𝑥𝑡𝑡∣𝑡𝑡−1) Eq.(11) 
This recursive update provides an interpretable correction path from measured deformation to hidden state 
estimation. When measurements are incomplete, the correction term naturally becomes smaller through 𝑅𝑅𝑡𝑡. 

The posterior covariance is updated to quantify remaining uncertainty after measurement assimilation. 

𝑃𝑃𝑡𝑡∣𝑡𝑡 = (𝐼𝐼 − 𝐾𝐾𝑡𝑡𝐻𝐻𝑡𝑡)𝑃𝑃𝑡𝑡∣𝑡𝑡−1 Eq.(12) 
The predicted deformation value is extracted from the first component of the posterior state. A one-step-ahead 
and three-step-ahead prediction are both generated for early warning. 

𝑑̂𝑑𝑡𝑡+𝜏𝜏 = 𝑔𝑔𝑑𝑑(𝐹𝐹𝑡𝑡+𝜏𝜏𝑥̂𝑥𝑡𝑡∣𝑡𝑡) Eq.(13) 

The function 𝑔𝑔𝑑𝑑  extracts the displacement component from the propagated state. In the experiment, 𝜏𝜏 is set to 
1,3, and 6 monitoring intervals. 

The warning probability is calculated from predicted deformation, deformation velocity, and posterior 
uncertainty. This avoids issuing warnings only after the measured displacement exceeds a threshold. 

𝑃𝑃𝑤𝑤 = 𝜎𝜎 �𝜂𝜂1𝑑̂𝑑𝑡𝑡+𝜏𝜏 + 𝜂𝜂2𝑣̂𝑣𝑡𝑡+𝜏𝜏 + 𝜂𝜂3tr(𝑃𝑃𝑡𝑡∣𝑡𝑡)� Eq.(14) 

Figure 2 presents the adaptive state-space Kalman prediction workflow. It includes monitoring-sequence 
alignment, residual-guided state refinement, covariance adaptation, recursive prediction, and warning output. 

The evaluation configuration uses chronological splitting to avoid leakage across construction stages. The first 
60% of each section sequence is used for initialization and coefficient selection, the next 20% for validation, 
and the final 20% for testing. The model is compared with ARIMA, SVR, Random Forest, standard Kalman Filter, 
LSTM, GRU, and Transformer-based forecasting baselines. Prediction error is evaluated by RMSE, MAE, and 
residual variance. Warning performance is measured by recall, false warning rate, and average lead time. The 
final metric combines prediction accuracy and warning utility. The proposed model achieves RMSE of 1.36 mm, 
MAE of 0.91 mm, and warning recall of 93.5% on the test set. 

Results and Discussion 

Prediction Accuracy Under Different Monitoring Sections 

Figure 3 shows the prediction accuracy of different tunnel sections. Figure 3(a) shows the RMSE. The proposed 
model achieved 1.36 mm, which is better than the standard Kalman filter (1.65 mm), SVR (1.58 mm), LSTM (1.54 
mm), and GRU (1.49 mm) [31]. Figure 3(b) shows the MAE and the same trend; the proposed model reduced 
the average error to 0.91 mm. As shown in Figure 3(c), the predicted trajectory does not exhibit the delayed 
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response of LSTM [32] and is close to the trajectory of the improved Kalman model with acceleration during the 
excavation process. 

 
Figure 2. Adaptive state-space Kalman prediction workflow for tunnel deformation 

 

 
Figure 3. Prediction accuracy under multiple tunnel sections. (a) RMSE comparison. (b) MAE comparison. (c) Prediction trajectory 

comparison. 
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Figure 4 shows the residual behavior during the construction phase. As shown in Figure 4(a), the residuals during 
the excavation phase are larger due to the accelerated deformation in the earlier stages. The residual plot after 
the installation of the support is shown in Figure 4(b). The proposed model corrected the state transition faster 
than ARIMA and SVR. Figure 4(c) represents the steady-state operation phase, with a residual variance of 0.42 
mm². Therefore, both of these improve the steady-state accuracy and the filter response speed [33]. 

 
Figure 4. Residual behavior under construction stages. (a) Excavation stage. (b) Support installation stage. (c) Stable operation stage. 

Robustness Under Sensor Uncertainty 

In Figure 5(a), the missing data rate ranges from 5% to 30%. In the case of 20% missing observations, the root 
mean square error (RMSE) of the proposed model is 1.61 mm; LSTM and the standard Kalman filter increase to 
2.08 mm and 2.21 mm, respectively [34]. Figure 5(b) depicts the observation noise. When the Gaussian noise 
reaches 10%, the residual amplification reduction of refined covariance update compared to fixed covariance 
filtering is 15.6%. The delayed sensor response is shown in Figure 5(c). Under the observation delay of two-time 
intervals, the model still maintains an alarm recall rate of over 90%. 
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Figure 5. Robustness under uncertain monitoring data. (a) Missing data ratio. (b) Noise disturbance level. (c) Delayed sensor response. 

 
Figure 6 shows the visualization of covariance adaptation. As shown in Figure 6(a), as the support stabilizes, the 
noise generated during the excavation process gradually decreases. As shown in Figure 6(b), when the sensor's 
reliability is low, the observation noise will also be higher. The state estimation variance in Figure 6(c) is 
smoother than that of the standard Kalman filter. Therefore, the warning decision should be based on 
deformation and uncertainty rather than a single point estimate [35]. 

Warning and Deployment Evaluation 

Figure 7(a) shows the recall rate of early warning under low, medium, and high deformation risk levels. The recall 
rate of the proposed model is 93.5%, higher than that of the standard Kalman filter (87.9%) and LSTM (89.6%) 
[36]. Figure 7(b) shows the early warning time. The average lead time before the threshold is exceeded is 4.8 
monitoring intervals. According to the inference time shown in Figure 7(c), the model's speed at each monitoring 
point is 2.7 milliseconds, which is below the deep sequence baseline, making it suitable for online deployment. 
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Figure 6. Covariance adaptation effect. (a) Process-noise updating. (b) Observation-noise updating. (c) State-estimation variance. 

 

 
Figure 7. Warning and deployment performance. (a) Warning recall. (b) Warning lead time. (c) Inference time. 
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Ablation analysis verified the contribution of state space refinement. In the absence of transition refinement, 
the root mean square error (RMSE) is 1.36 mm, while with transition refinement, the RMSE is 1.52 mm. Due to 
the disabling of the adaptability of observation covariance, the false alarm rate will increase from 5.8% to 8.4%. 
In the presence of mining disturbances, removing the residual-guided process covariance will reduce 
performance and decrease the alarm recall rate by 3.1 percentage points [37]. The above results indicate that 
the model is one that performs residual-guided phased tunnel deformation adaptation, rather than a 
conventional Kalman filter with optimized parameters. The deep sequence baseline is still suitable for studying 
nonlinear trends, but observing changes during sparse and construction phases will increase their errors [38]. 
By using an improved Kalman filter, it is possible to simultaneously observe deformation speed, acceleration, 
covariance increase, and early warning probability [39]. The research on Bayesian convergence prediction has 
also expanded the application range of uncertainty-aware deformation prediction in tunnel engineering [40]. 

Conclusion 
A paper proposes an adaptive state-space Kalman filter model based on monitoring sensor data sequences for 
predicting tunnel deformation. This technology first constructs a compact deformation state using settlement, 
convergence, velocity, acceleration, pressure correction, and residual trends. Then, based on the most recent 
predicted residuals, the transition matrix and covariance matrix are refined. Enhance the representation 
capability of the Kalman filter in uncertain monitoring, excavation disturbances, and stable support. 

Experimental results show that the proposed model's prediction error is smaller than that of ARIMA, SVR, 
random forest, standard Kalman filter, LSTM, GRU, and the baseline conversion. In addition, it exhibits excellent 
robustness to missing measurements, noise monitoring, and sensor response delays. The alert probability 
output is suitable for real-time tunnel monitoring systems because it can improve early warning recall rates and 
reduce inference delays with a low false alarm rate. 

In future research, a 3D tunnel scanning framework, distributed fiber optic sensing, geological prior constraints, 
and online parameter adaptation will be added to the system. To improve the cross-section profile, construction 
schedules and numerical simulation results can be added to the model. The hardware-level deployment of the 
edge monitoring gateway will ensure the safety of tunnel construction and operation. 
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