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Highlights

What are the main findings?

• We propose the RMCMamba model, which innovatively integrates RevIN and
MARSHead modules. It effectively captures long-range dependencies in settlement
time series and mitigates distribution shift issues.

• RMCMamba significantly outperforms comparative methods in multi-factor scenarios,
attaining an MAE of 0.049 mm and an RMSE of 0.077 mm, which corresponds to a
4.8% reduction in MAE compared to the second-best performing method.

What is the implication of the main finding?

• The study provides a reliable technical framework (from E-PS-InSAR monitoring
to multi-source data fusion and prediction) for high-precision health monitoring of
critical transportation infrastructure like high-speed railways.

• The open-sourced dataset and code serve as a valuable benchmark for future research
in settlement prediction and relevant time series forecasting domains, promoting
reproducibility and further development.

Abstract

The precise prediction of high-speed railway bridge pier settlement plays a crucial role
in construction, maintenance, and long-term operation; however, current mainstream
prediction methods mostly rely on independent analyses based on traditional or hybrid
models, neglecting the impact of geological and environmental factors on subsidence.
To address this issue, this paper proposes a multi-factor settlement prediction model
for high-speed railway bridge piers named the Reversible Instance Normalization Multi-
Scale Adaptive Resolution Stream CMamba, abbreviated as RMCMamba. During the
data preprocessing process, the Enhanced PS-InSAR technology is adopted to obtain the
time series data of land settlement in the study region. Utilizing the cubic improved
Hermite interpolation method to fill the missing values of monitoring and considering the
environmental parameters such as groundwater level, temperature, precipitation, etc., a
multi-factor high-speed railway bridge pier settlement dataset is constructed. RMCMamba
fuses the reversible instance normalization (RevIN) and the multiresolution forecasting
head (MARSHead), enhancing the model’s long-range dependence capture capability and
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solving the time series data distribution drift problem. Experimental results demonstrate
that in the multi-factor prediction scenario, RMCMamba achieves an MAE of 0.049 mm
and an RMSE of 0.077 mm; in the single-factor prediction scenario, the proposed method
reduces errors compared to traditional prediction approaches and other deep learning-
based methods, with MAE values improving by 4.8% and 4.4% over the suboptimal
method in multi-factor and single-factor scenarios, respectively. Ablation experiments
further verify the collaborative advantages of combining reversible instance normalization
and the multi-resolution forecasting head, as RMCMamba’s MAE values improve by 5.8%
and 4.4% compared to the original model in multi-factor and single-factor scenarios. Hence,
the proposed method effectively enhances the prediction accuracy of high-speed railway
bridge pier settlement, and the constructed multi-source data fusion framework, along
with the model improvement strategy, provides technological and experiential references
for relevant fields.

Keywords: HSR-BP; settlement prediction; E-PS-InSAR; RMCMamba; MARSHead

1. Introduction
As an important part of the modern comprehensive transportation system, the con-

tinuous expansion of High-Speed Railway (HSR) calls for higher requirements for the
safe and efficient operation of infrastructure [1]. The High-Speed Railway Bridge Pier
(HSR-BP) is the core supporting structure of high-speed railway lines, whose stability
directly determines track geometry accuracy and train operation safety [2]. Pier settlement
will not only lead to the aggravation of track irregularity but also cause structural stress
concentration, fatigue damage to connecting components, and other problems, which
seriously threaten the operational safety of high-speed railway. However, pier settlement
results from the coupling of multiple factors, for instance, the geological conditions (such
as land subsidence, groundwater change), environmental factors (temperature gradient,
rainfall erosion), etc. [3,4]. It is difficult for a traditional single-factor linear prediction
model to accurately describe its complex evolution law [5]. Therefore, by studying the
prediction methods for pier settlement in high-speed railways that take multiple factors
into account, and constructing a nonlinear coupled prediction model based on machine
learning—one that integrates multi-source information such as ground measurement data,
environmental sensor data, and remote-sensing image technology—it is possible to more
accurately enhance the long-term prediction capability [6–8].

For one thing, as an important part of geological conditions, the settlement of high-
speed rail piers is significantly affected by land subsidence. Traditional measurement
methods such as RTK and total station have limitations, so radar interferometry technology
(InSAR) has been widely studied due to its advantages such as the wide range, easy opera-
tion, and high sensitivity. Derived technologies such as PS-InSAR and DS-InSAR [9–11]
have been derived and have secured numerous achievements in the realms of landslides,
earthquakes, urban risk assessment, land reclamation, etc. [12–14]. Related explorations
have also been made in traffic roads, groundwater, and other scenarios [15–18]. In railway
monitoring, InSAR technology has been used to monitor settlement along high-speed
railways, for instance, utilizing TerraSAR-X satellite data to build a spatiotemporal feature
database of settlement rates to assist track anomaly detection, or combining MT-InSAR
technology to reveal subgrade deformation laws [19,20]. For another thing, in the field
of high-speed railway pier settlement monitoring, traditional methods rely on physical
models or statistical experience, which makes it difficult to fully capture the nonlinear
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dynamic characteristics under complex geological conditions. However, in the specific
subfield of pier settlement time series prediction, the existing algorithm system is still
dominated by single prediction models and hybrid models. Single prediction models are
represented by the hyperbolic method, three-point method, exponential curve method,
grey theory, and neural network [21]. Their basis is mostly from physical models, statistics,
or empirical formulas, which are suitable for scenarios with limited data volume or high
stability. It is worth noting that existing work has improved traditional methods, such
as solving parameters by using the robust weighted total least squares method to reduce
outlier interference, thereby improving model accuracy [22]. The hybrid model combines
multiple machine learning models to predict settlement, which has been applied in land
subsidence prediction and landslide monitoring and identification [23,24]. In the research
of high-speed railway settlement prediction, the method based on the Long Short-Term
Memory (LSTM) model has shown significant progress: by combining the variational mode
decomposition (VMD) and adaptive enhancement algorithm (AdaBoost) optimization
model, or introducing the general progressive decomposition long-term prediction network
(GPDLPnet), it effectively improves the long-term prediction accuracy for low-frequency
complex settlement models [25,26]. There is also an exploration of combining the autore-
gressive model of robust weighted total least-squares autoregression (RWTLS-AR) with the
adaptive dynamic cubic exponential smoothing model (ADCES) for prediction [27]. How-
ever, traditional methods still have limitations in the settlement prediction of high-speed
railway piers: a single model struggles to accurately describe the nonlinear settlement
law under complex conditions, whose adaptability is insufficient. Although the hybrid
model has applications, its fusion strategy (such as weight allocation) relies on empirical
design and can experience difficulties achieving dynamic optimization. What is more im-
portant is that neither of the two kinds of methods can effectively integrate spatiotemporal
information and fully capture the spatiotemporal cooperative transmission mechanism of
pier settlement.

While these traditional methods face limitations in capturing complex spatiotempo-
ral mechanisms, the recent leap in GPU computing power has dramatically accelerated
the training efficiency of deep learning models, whose powerful automatic feature ex-
traction and nonlinear fitting capabilities are now fundamentally reshaping the technical
paradigm of time series prediction. The long-sequence modeling architecture represented
by Transformer dynamically captures the spatiotemporal correlations between multiple
measurement points through the self-attention mechanism, effectively overcoming the
limitations of single-point independent analysis [28]. Against this backdrop, multi-factor
prediction algorithms have developed rapidly, giving rise to representative models such as
Reformer and Informer [29,30]. Aiming at the problem that traditional methods struggle to
effectively capture cross-variable dependencies in multivariate time series, iTransformer
innovatively inverts dimensions, embedding time points as variable identifiers, and adopts
attention mechanisms to enhance cross-variable correlation modeling [31]; Crossformer
introduces a cross-dimensional dependency analysis mechanism, significantly improv-
ing the modeling capability for complex interactions and overcoming the shortcoming
of traditional time series models which often ignore inter-variable relationships [32]. To
address the inefficiency of the Transformer in long-sequence prediction caused by its
quadratic complexity, the S-Mamba model integrates selective state space models with
hardware-aware optimization, reducing computational complexity to near-linear levels
while enabling efficient inference. Its unique architecture, combining bidirectional Mamba
layers and feedforward networks, demonstrates significant performance improvements
across 13 public datasets [33]. The Convolutional Mamba model, on the other hand, focuses
on enhancing the ability to capture cross-channel dependencies and alleviating the overfit-
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ting problem. It utilizes an improved Mamba module fused with a multilayer perceptron
that captures global data dependencies, effectively proving its advantages in modeling
complex cross-channel dependencies and its mitigating effect on overfitting problems
across seven real-world datasets [34]. However, the CMamba model still has obvious
limitations: on one hand, its prediction head uses single-scale processing and has weak
multi-scale feature fusion capability—it cannot adaptively fuse multi-scale features and
loses details due to fixed pooling, and due to the lack of a dynamic weighting mechanism,
it can only statically superimpose features of different temporal granularities, reducing
prediction robustness; on the other hand, faced with the situation where high-speed rail-
way bridge pier settlement is affected by the complex coupling of multiple factors, the
conventional normalization method relied upon by CMamba cannot dynamically adapt
to data distribution shifts, leading to cumulative amplification of prediction errors. These
shortcomings jointly constrain the model’s generalization ability and reliability in complex
engineering scenarios.

To solve the above problems, this paper firstly uses E-PS-InSAR technology to ob-
tain the land subsidence data along the high-speed railway, then employs the improved
cubic Hermite algorithm to interpolate data and combines the local groundwater, tem-
perature, precipitation, and other data to construct a multi-source dataset of HSR-BP
settlement. Finally, the Reversible Instance Normalization Multi-Scale Adaptive Resolution
Stream CMamba (RMCMamba) model is proposed for predicting the settlement change
of HSR-BPs.

The main contributions of this paper are as follows:

• A machine learning framework for HSR-BP settlement prediction: Firstly, sub-
centimeter-level monitoring accuracy of land subsidence along the high-speed railway
is realized using E-PS-InSAR technology. Secondly, the improved cubic Hermite inter-
polation algorithm is utilized to solve the problem of missing time series data. Then,
the geological and environmental parameters are integrated with pier settlement data,
and a multi-source time series dataset is constructed. Finally, the RMCMamba model
proposed in this paper realizes high-precision prediction of pier settlement.

• Multi-Scale Adaptive Resolution Stream Head (MARSHead): Construct a three-branch
parallel convolution architecture, unify the sequence length through the adaptive
pooling layer, introduce learnable branch weight parameters to achieve dynamic
weighting across time granularity, and finally perform timing alignment to complete
feature dimensions unification.

• RevIN-based distribution calibration enhancement mechanism: The reversible instance
normalization module is used to integrate into the time series prediction framework
and combined with the state space modeling capability of the CMamba encoder, which
alleviates the distribution shift of multi-factor sequences. This module can significantly
alleviate the distribution shift of multi-factor time series and improve the robustness
of CMamba’s state space modeling.

The rest of the paper is organized as follows: Section 2 introduces the experimental
methods, which recommend the overall technical route, the structure of RMCMamba, and
the principle of each component in detail. Section 3 describes the experimental settings,
which mainly introduces the experimental scheme, including dataset construction, com-
parison methods, quantification indexes, and training environment. Section 4 presents the
experimental results to validate the improvement of the RMCMamba model. Section 5
discusses the ablation experiment to prove the effectiveness of the improvement to the
MARSHead and RevIN modules. Section 6 provides the conclusion of the paper.
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2. Methodology
The demand for high-precision prediction in HSR-BP settlement monitoring requires

the construction of a “monitoring-enhancement-modeling” full-process prediction scheme,
which is a method based on RMCMamba HSR-BP settlement prediction, which is imple-
mented by the following four steps (as shown in Figure 1):

1. Land subsidence monitoring: This paper uses E-PS-InSAR (Enhanced PS-InSAR)
technology to obtain high-quality land subsidence data along high-speed railways.

2. Data enhancement: The improved cubic Hermite interpolation method is used for
timing sequence interpolation of the land subsidence and HSR-BP settlement. The
traditional cubic Hermite interpolation method is an approximate curve interpolation
method. In this paper, the cubic fitting polynomial is obtained by weighted least
squares fitting, and the derivative is obtained by deriving the cubic fitting polynomial.
The derivative replaces the original slope estimation method. The specific formula is:

Ĥi(t) =
i

∑
i−1

[yiαi(t) + niβi(t)] (1)

In the formula, αi(t) and βi(t) are interpolation basis functions, t0 < . . .< ti < . . .< tn,
yi is the interpolation node. ni are the new parameters obtained by using the least
squares method.

3. Dataset establishment: The time series dataset is established by five kinds of data of
HSR-BP settlement, land subsidence, groundwater, temperature, and precipitation.

4. HSR-BP settlement prediction: The RMCMamba model is used to complete the
settlement prediction of HSR-BPs.

 

Figure 1. Technical route for HSR-BP multi-factor settlement prediction based on RMCMamba.

2.1. The Enhanced PS-InSAR Technology

To improve the density and quality of land subsidence monitoring results, this paper
uses E-PS-InSAR technology to monitor land subsidence along high-speed railways. This
technology combines Persistent Scatterer (PS) and Distributed Scatterer (DS) InSAR technol-
ogy [9–11]. Currently, the Amplitude Dispersion Index (ADI) calculation is commonly used
to complete the selection of persistent scatterers, and the maximum Principal Component
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Analysis (PCA) of the covariance matrix is used to complete the selection of distributed
scatterers. The specific formula is as follows:

D = σa
a

C =
N
∑

n=1
λnxnxH

n
(2)

where D ∈
[
0, 1

]
, σa, and a represent the amplitude standard deviation and mean value

of the target ground object, respectively. The stronger the backscattering of the target
ground object, the more stable it is in time series, and the persistent scatterers are selected
on the basis of it. C is the covariance matrix of interference phase; λn represents the
n-th eigenvalue; xn and xH

n represent the eigenvectors corresponding to the eigenvalues
and the conjugate transposed eigenvectors, respectively, wherein the component with
the largest eigenvalue is used as the amplitude and phase data vector for monitoring the
distributed scatterer.

After finishing the scatterer selection, the linear and nonlinear settlement phases
are gained by phase unwrapping, linear settlement calculation, and atmospheric effect
calculation. Finally, the monitoring outcomes of land settlement around HSR-BPs are
generated by geocoding.

2.2. CMamba Encoder

The CMamba encoder serves as the core module for time series modeling, comprising
two main components: the M-Mamba module and the Gated Depthwise Dynamic Multi-
Layer Perceptron (GDD-MLP). The structure integrates normalization, sequence modeling,
optional feature enhancement, and residual connections, as shown in Figure 2.

Figure 2. Structure diagram of CMamba Encoder module.

First, Root Mean Square Normalization (RMSNorm) is adopted instead of LayerNorm
to reduce computational cost while maintaining convergence. It eliminates mean centraliza-
tion and scales inputs using learnable parameters. Second, the Mamba sequence modeler
is built upon a structured state space model (S4). It incorporates a selective mechanism that
dynamically generates parameters, enabling adaptive state transitions for long-sequence
dependency modeling. Finally, the GDD-MLP enhances local feature extraction through
average and max pooling, achieving multi-scale feature fusion. It employs dynamic channel
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calibration to retain feature distribution and suppress noise, while pooling reduces spatial
dimensions for efficient integration into architectures like CNN or Transformer.

In summary, the CMamba encoder maintains Mamba’s efficiency while strengthening
local feature extraction, making it suitable for complex multivariate time series predic-
tion tasks.

2.3. The Proposed Multi-Scale Adaptive Resolution Stream Head

MARSHead is a time series prediction head module on the foundation of multi-
scale feature fusion, as shown in Figure 3. Firstly, it first performs adaptive multi-scale
processing and constructs parallel branches through three scale factors. Each branch
includes an adaptive average pooling layer and a point convolution layer. The former
dynamically compresses sequences of arbitrary length to the target window size to eliminate
the information loss of fixed step size pooling; the latter completes channel dimension
transformation. Secondly, the dynamic feature fusion mechanism is set up, supplemented
with the learnable branch weight. The importance of each scale is dynamically optimized
through back propagation, and multi-scale features are compressed into a single output.
Lastly, the dimension alignment operation is completed. The dimension of the input tensor
is reconstructed, and redundant dimension stacks are removed to finally restore the original
variable results. A dropout layer is placed to prevent overfitting of the prediction head.

Figure 3. Structure diagram of Multi-Scale Adaptive Resolution Stream Head Module.

The overall core innovation of MARSHead is mainly reflected in the following aspects.
The first is a multi-scale feature extractor, which builds parallel branches through three
pooling scales, and each branch includes adaptive average pooling and point convolution.
The adaptive pooling layer replaces the traditional fixed-step pooling operation, which can
uniformly down-sample sequences of any length to the target window length, eliminating
the information loss of fixed-step pooling, while the point convolution layer is set to
complete channel dimension transformation. The second is adaptive weighted fusion,
which introduces learnable branch weight parameters to generate the attention weight
of each branch. Through back propagation, the importance of each scale is dynamically
optimized, so that the model can dynamically adapt to different time granularity scenarios.
Through cross-resolution fusion, multi-scale features are output by compressing into a
single-point convolution. The third is the resolution alignment mechanism, which uses
the permute and reshape function operations to unify feature dimensions, adopts the
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squeeze and stack functions to achieve cross-scale feature alignment, and finally completes
cross-resolution fusion through convolutional layers.

In a comprehensive view, compared with the original flattened prediction head mod-
ule, MARSHead realizes spatiotemporal feature mixing through the multi-branch con-
volution architecture. Each branch contains an independent nonlinear transformation
(point convolution) to achieve feature decoupling. This module maintains computational
efficiency through tensor operations, cooperating with Dropout regularization to improve
the adaptability and expression ability of the prediction model.

2.4. Reversible Instance Normalization Module

RevIN, i.e., Reversible Instance Normalization, is a dynamic normalization module
specially designed for time series applications [35]. Its implementation is through a two-
stage process: normalization and anti-normalization. Firstly, the samples in the batch are
counted, calculating the mean µ and standard deviation σ along the time dimension. Then
the normalization process is carried out, and the calculation formula of the normalized
output y is:

y = γ

(
x − µ

σ

)
+ β (3)

In the formula, γ and β are the learnable affine parameters that are initialized as tensors
with all elements of 1 and all elements of 0, respectively. The parameter dimensions match
the number of features, so that the model can dynamically adapt to the non-stationary
characteristics of different time series. After completing the normalization work, the
sequence is passed to the encoder, decoder, and other modules for processing. After that,
the distribution of the original data is restored by an inverse transformation. The calculation

formula of the output anti-normalization result
^
x is:

^
x =

(y − β)

γ
· σ + µ (4)

This transformation ensures that the normalized data is restored to the original scaling and
offset, maintaining consistency with the input space. In a comprehensive view, the intro-
duction of γ and β enables the model to dynamically adapt to the statistical characteristics
of input data in different time periods. Compared with traditional Z-Score normalization, it
significantly improves the robustness and generalization capabilities in multi-factor timing
tasks. To sum up, by introducing learnable parameters and modular design, RevIN can
better solve the problem of distribution shift and integrate it into the model architecture to
improve the overall prediction performance and generalization capability.

3. Experimental Design
3.1. Study Area and Data

The study area is located in Changde City, Hunan Province, China. Its climate belongs
to the subtropical humid monsoon, with four distinct seasons, abundant precipitation,
and the rainy season in summer. It has frequent flood disasters, complex landforms,
abundant underground caves, and underground rivers. The adopted settlement data of
the HSR-BP is the field monitoring data of the HSR-BPs of the Changde–Yiyang–Changsha
section. It is crucial to clarify that the prediction target of this study is the absolute
settlement of the piers, whose ground truth (labels) is derived from the periodic, precise
leveling of the pier itself, strictly following the Observation and Evaluation Specification
for Settlement Deformation of Railway Engineering [21]. This high-precision data serves
as the benchmark for supervised model training and performance validation. The image
for calculating the land subsidence is the SLC data of the Sentinel-1 satellite. Both the SLC



Remote Sens. 2025, 17, 3596 9 of 20

data and the orbital data are gained from ESA. The groundwater data are acquired from
the National Groundwater Monitoring Network of China Institute of Geo-Environment
Monitoring (https://geocloud.cgs.gov.cn (accessed on 20 January 2024)), and the local
historical temperature and precipitation data are obtained from 2345 Weather (https://
tianqi.2345.com/wea_history/57662.htm (accessed on 13 April 2024)). This study utilizes a
dataset comprising ten monitoring points, each containing time-series data for multiple
factors. The overview of measuring points is displayed in Table 1. Because the completion
time of each area of the high-speed railway bridge is different during the construction
process, the number of periods and the start and end times of each multi-factor dataset are
diverse. Specifically, the monitoring intervals across the datasets range from a minimum of
1 day to a maximum of 30 days. Furthermore, each monitoring point maintains considerable
spacing from others, with distinct coordinate positions.

Table 1. High-speed railway bridge pier (HSR-BP) measurement point overview.

Monitoring
Point

Start Date
(yyyy/mm/dd)

End Date
(yyyy/mm/dd)

Total Measurement
Days

Average Settlement
Rate (mm/year)

Number of
Measurement Periods

1 2020/07/15 2021/12/27 530 2.066 37
2 2020/09/30 2021/12/27 453 2.264 32
3 2021/02/28 2021/12/19 294 3.017 136
4 2020/10/24 2021/12/19 421 2.211 84
5 2020/10/24 2021/12/19 421 1.543 32
6 2020/09/09 2021/12/20 487 1.432 34
7 2020/08/18 2021/12/20 489 2.157 36
8 2020/10/02 2021/12/06 430 2.122 109
9 2020/07/16 2021/12/20 522 0.762 36
10 2020/08/13 2021/12/05 479 1.676 69

3.2. Experimental Settings

Firstly, the feasibility of land subsidence monitoring results is verified by statistical
analysis and referring to local literature. Secondly, to demonstrate the predictive capability
of RMCMamba, the experimental design is structured as follows. To comprehensively
evaluate the model’s capability, the experimental design is divided into two scenarios: the
multi-factor prediction and single-factor prediction. The former is to predict the HSR-BP
settlement by integrating four factors: groundwater, land subsidence, temperature, and
precipitation. The latter is only to predict the single factor of the HSR-BP settlement by
autoregressive prediction. In the multi-factor prediction scenario, RMCMamba is com-
pared with 9 deep learning models, including Transformer [28], Informer [29], Mamba [36],
PatchTST [37], TimeXer [38], CMamba [29], iTransformer [31], S-Mamba [33], and WP-
Mixer [39]. In the single-factor prediction scenario of bridge piers, in addition to comparing
with deep learning models, it also needs to be compared with three traditional benchmarks:
the Autoregressive Model, Grey Model and Back Propagation Neural Network. All deep
learning models are implemented based on the PyTorch 2.5.1+ CUDA11.8 framework,
while traditional methods run through MATLAB R2023a.

In the experiment, the improved cubic Hermite difference method is employed to deal
with the problem of missing values, guaranteeing the time series equidistant data in training
samples. The dataset was partitioned into training, validation, and test sets at a 7:1:2 ratio.
The hardware configurations are the AMD R9 7900X processor and NVIDIA RTX 4090 24G
graphics card. The prediction model parameter settings include an initial learning rate of
10−4, a training round (epoch) of 50, and a patience value for early stopping (patience) of
5. Finally, ablation experiments are performed to analyze the effectiveness of the single
replacement component. The experiments strictly follow the standard implementation

https://geocloud.cgs.gov.cn
https://tianqi.2345.com/wea_history/57662.htm
https://tianqi.2345.com/wea_history/57662.htm
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process of the comparison methods to ensure the consistency of parameter settings, and
analyze the advantages of RMCMamba in the task of HSR-BP settlement prediction through
multi-dimensional comparison.

3.3. Evaluation Metrics

To comprehensively quantify the prediction quality of each model, this paper selects
three evaluation indicators for comparative analysis, namely, the mean absolute error
(MAE), root mean square error (RMSE), and mean absolute percentage error (MAPE). MAE
directly reflects the error between the predicted value and the actual value; RMSE is easily
affected by predicted values with large bias and can be used to measure the stability of
the model; MAPE considers the proportion between the error and the actual value, and
can compare the prediction results at different scales. The specific calculation formula is
as follows: 

MAE =
1
n

i=1
∑
n

∣∣∣∣yi − ŷi

∣∣∣∣
RMSE =

√
1
n

i=1
∑
n
(yi − ŷi)

2

MAPE =
1
n

i=1
∑
n

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100%

(5)

where n is the total data amount of the test; yi is the true value; ŷi is the predicted value.

4. Experimental Results and Analysis
4.1. E-PS-InSAR Land Subsidence Monitoring Result

The monitoring results of land subsidence in the Wuling District of Changde City,
China, are presented in Figure 4. It can be seen that the measuring points of land subsidence
are mainly concentrated in dense building groups, roads, and other ground stability
features. The qualitative results show a gentle subsidence in the north of the Yuanjiang
River, and there is an uplift in the south of the Yuanjiang River. The statistical outcomes
are displayed in Table 2. A total of 1,828,795 target scatterers is obtained, including
85,249 persistent scatterers and 1,743,546 distributed scatterers. The average settlement
rate is −0.005 mm/year, the median is 0.056 mm/year, and the standard deviation is
1.113 mm/year. Overall, the statistics show a normal distribution, and the settlement rate
is primarily distributed between −2.000 mm/year and 2.000 mm/year. Cross-validating
with the results of subsidence areas in the literature [40,41] shows that the study area of
the HSR-BPs is located in the Taiyangshan Fault Zone. The north of the Yuanjiang River
in Wuling District is located between fault zones, with no significant crustal movement
observed. The subsidence trends are consistent with each other. Additionally, the results
were cross-validated with our own SBAS monitoring results. On the whole, it is considered
that this land subsidence has a good monitoring result, which can be used as the land
subsidence factor to construct a multi-factor HSR-BP settlement dataset.

Table 2. Statistical overview of land subsidence distribution in Wuling District, Changde City.

Settlement Rate (mm/year) Number of Monitoring Points Proportion of Total

x < −5.00 4940 0.270%
−5.00 ≤ x < −2.00 64,656 3.535%
−2.00 ≤ x < −1.00 183,084 10.011%
−1.00 ≤ x < −0.50 238,330 13.032%
−0.50 ≤ x < 0.50 774,831 42.368%
0.50 ≤ x < 1.00 290,439 15.881%
1.00 ≤ x < 2.00 235,767 12.892%
2.00 ≤ x < 5.00 36,597 2.001%

≥5.00 151 0.008%
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Figure 4. Overview of land subsidence monitoring results in Wuling District, Changde City.

4.2. Prediction Results and Analysis of HSR-BP Settlement
4.2.1. Statistical Results and Analysis of Multi-Factor HSR-BP Settlement

In this experimental study, an evaluation is conducted on the performance of diverse
machine learning models for time series prediction under two scenarios: multi-factor
prediction and single-factor prediction. Figure 5 presents the qualitative partial comparison
results of the predicted curve with the actual curve in the multi-factor prediction scenario
(blue represents the predicted value and orange represents the true value). It can be seen
that the predicted results of Transformer and Informer have a significant difference from
the actual value, while the predicted values of the other methods are not much different
from the real value, among which the RMCMamba prediction curve proposed in this paper
is the closest to the real curve. For making a more accurate analysis, quantitative indicators
are chosen to further evaluate the model’s performance.
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Figure 6 is the multi-factor prediction error box plot of each method. Compared with
other methods, the prediction residual data distribution of RMCMamba is closest to scale
0, indicating that it has the highest accuracy. Table 3 shows the performance comparison
quantitative results of different time series prediction models under multiple factors. The
bold items represent the optimal indicator, and the underlined items are suboptimal. The
results reveal that in the single-factor task scenario with multi-factor prediction, the Mamba-
like model possesses significant advantages, while the traditional Transformer architecture
has obvious limitations. Specifically, the Transformer benchmark model performs the
weakest. The complexity of its attention mechanism leads to insufficient long sequence
modeling capability. The improved Informer is only slightly improved, indicating that
location coding optimization fails to fundamentally solve the computational efficiency
bottleneck. In contrast, the Mamba architecture achieves breakthroughs through the state
space model: although the Mamba model is better than the Transformer, it is not as
good as the advanced time series model. CMamba and RMCMamba, which are designed
based on this model, surpass Transformer variants such as TimeXer and iTransformer,
respectively. Among them, the three indicators of RMCMamba all reach the current
optimum, which verifies the efficiency of the selective scanning mechanism in extracting
long-range dependencies. The linear complexity of this model significantly improves its
modeling ability, reducing MAE by 89.9% compared with Transformer and 47.9% compared
with Mamba. Compared with the suboptimal model PatchTST, the three indicators reduce
by 4.7%, 2.5%, and 7.5%, respectively.

   

(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

  

(i) (j)   

Figure 5. Multi-factor HSR-BP prediction qualitative results of different methods. (a) Transformer;
(b) Informer; (c) PatchTST; (d) Mamba; (e) TimeXer; (f) CMamba; (g) iTransformer; (h) S-Mamba;
(i) WPMixer; (j) RMCMamba.
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Figure 6. Box plot of prediction errors for various methods using multi-factor HSR-BP prediction.

Table 3. Multi-factor HSR-BP prediction performance results.

Model
Multi-Factor

MAE/mm RMSE/mm MAPE

Transformer [22] 0.48586 0.54525 28.398%
Informer [23] 0.47114 0.53077 25.430%
PatchTST [31] 0.05165 0.07919 5.427%
Mamba [30] 0.09438 0.13917 9.497%
TimeXer [32] 0.05881 0.09126 5.996%
CMamba [28] 0.05222 0.08253 5.429%

iTransformer [25] 0.05697 0.08930 6.604%
S-Mamba [27] 0.05856 0.08936 6.569%
WPMixer [33] 0.06006 0.09175 6.251%
RMCMamba 0.04918 0.07718 5.022%

Bold numbers indicate the optimal values. Underlined numbers indicate the secondary values.

4.2.2. Statistical Results and Analysis of HSR-BP Single-Factor Prediction

The qualitative outcomes of single-factor prediction results are shown in Figure 7.
There still exists an obvious gap between the monitored results of Transformer and Informer
and the actual results. But compared with the gap between the predicted values and the
real values of multi-factor prediction results in Figure 5, a significant decreasing trend
emerges. The differences between other methods are not that obvious. The RMCMamba
prediction curve is still the closest to the real curve, so further quantitative evaluation of
the model is warranted.

From the box plot of Figure 8, it can be more intuitively understood that early models
such as Transformer and Informer perform significantly better in the single-factor prediction
task than in the multi-factor prediction task. This demonstrates that their architecture (such
as the standard attention mechanism) experiences difficulties effectively capturing and
utilizing the complex nonlinear relationship among multiple factors. The noise or invalid
correlation introduced by multi-factor input interferes with the prediction, resulting in a
further decline in performance compared with the single-factor scenario. At the same time,
the prediction residual distribution of the proposed RMCMamba is overall closer to zero
compared with other models, indicating ideal performance.

Table 4 displays the performance comparison quantitative results of different time
series prediction models under a single factor. The bold items represent the optimal
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index, and the underlined items are suboptimal. In the single-factor prediction task, the
performance of various models shows obvious gradient differences. Firstly, the three
traditional methods of the Autoregressive Model, Grey Model, and Back Propagation
have poor prediction accuracy under this data. Compared with the machine learning
method, the errors are not of the same magnitude, which proves that traditional statistical
methods experience difficulties capturing the complex time series information feature
of HSR-BPs. Secondly, the improvement of the Transformer and its variant models is
limited. Due to the efficiency bottleneck of the attention mechanism, the errors of the
Transformer and Informer are still significant. Improved algorithms, such as TimeXer
and iTransformer, have improved but are still inferior to the Mamba architecture. Lastly,
the Mamba-like model presents algorithm advantages due to the linear complexity of the
state space model. The Mamba noumenon has surpassed most Transformer algorithms.
Based on it, the improved CMamba and S-Mamba further boost their advantages. The
proposed RMCMamba achieves the best performance across all three metrics among
the algorithms, with reductions of 4.4%, 4.3%, and 11.0% in MAE, RMSE, and MAPE,
respectively, compared to the suboptimal model CMamba.

    

(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

 

  

(i) (j)   

Figure 7. Qualitative comparison of HSR-BP single-factor prediction of different methods.
(a) Transformer; (b) Informer; (c) PatchTST; (d) Mamba; (e) TimeXer; (f) CMamba; (g) iTransformer;
(h) S-Mamba; (i) WPMixer; (j) RMCMamba.
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Figure 8. Box plots of prediction errors for HSR-BP single factor prediction of different methods.

Table 4. Single-factor HSR-BP prediction performance results.

Model
Single-Factor

MAE/mm RMSE/mm MAPE

Autoregressive
Model 0.99326 1.15223 50.677%

Grey Models 46.20070 50.53772 1933.847%
Back Propagation 1.57358 1.70844 175.677%
Transformer [22] 0.29114 0.35578 16.737%

Informer [23] 0.30361 0.36864 16.685%
PatchTST [31] 0.06357 0.09639 6.189%
Mamba [30] 0.05889 0.08949 6.396%
TimeXer [32] 0.06011 0.08627 6.087%
CMamba [28] 0.05172 0.08149 5.635%

iTransformer [25] 0.05853 0.09127 6.472%
S-Mamba [27] 0.05625 0.08420 6.431%
WPMixer [33] 0.06046 0.09202 6.043%
RMCMamba 0.04945 0.07796 5.015%

Bold numbers indicate the optimal values. Underlined numbers indicate the secondary values.

4.2.3. Comparative Analysis of the Performance of Multi-Factor and Single-Factor HSR-BP
Prediction

Comparing the quantitative results of multi-factor and single-factor predictions
(Tables 1 and 2), in an overall view, multi-factor prediction models hold better performance.
This is mainly reflected in two aspects: first, at the optimal model level, in multi-factor tasks,
RMCMamba’s core indicators are superior to its performance in single-factor tasks; and
second, this advantage is universal. Observing the suboptimal model, it can be seen that
compared with the single-factor prediction scenario, the MAE values of iTransformer and
the suboptimal model PatchTST increase by 2.7% and 18.8% in the multi-factor prediction
scenario. This confirms that the introduction of multi-source heterogeneous information
(multiple factors) can provide richer context and correlation clues for the model, with
effective capture of a complex coupling mechanism that affects the prediction target (such
as settlement), thus obtaining more accurate and stable results than single-factor prediction.
Furthermore, the performance of early models such as Transformer and Informer in the
multi-factor prediction task is significantly inferior to their performance in the single-factor
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prediction task. This indicates that their architectures (such as the standard attention
mechanism) struggle to effectively capture and utilize the complex nonlinear relationships
among multiple factors. The noise or spurious correlations introduced by multi-factor
input interfere with prediction, leading to a further decline in performance compared to
the single-factor prediction.

As known from the experimental results, RMCMamba possesses obvious superiorities
in both multi-factor and single-factor prediction tasks, whose three core indicators are
comprehensively ahead of those of similar advanced models. In the multi-factor scenario,
compared with the suboptimal model PatchTST, RMCMamba’s MAE, RMSE, and MAPE
increased by 4.8%, 2.5%, and 7.5%, respectively. Through state space architecture opti-
mization and dynamic weight allocation mechanism, this model not only breaks through
the linear limitations of traditional models but also surpasses the recently proposed new
models, such as S-Mamba and WPMixer. Its index stability in dual scenariosverifies the
universality of the methodology, providing innovative solutions for high-precision time
series prediction tasks such as high-speed railway project settlement monitoring.

5. Discussion
To confirm the effectiveness of this model in the two improvements of normalization

and prediction module, and the improvement of RMCMamba’s prediction quality in two
scenarios, this paper carries out ablation experiments. The specific design is shown in
Figure 9. Variant 1 is the original model, whose normalization module is Z-Score and
prediction module is the Flatten Head module. Compared with Variant 1, Variant 2 and
Variant 3 separately replace the prediction module MARSHead and the normalization
module RevIN. In contrast to Variant 1, Variant 4 replaces the normalization module RevIN
and the prediction module MARSHead, i.e., the RMCMamba.

    

(a) Variant 1 (b) Variant 2 (c) Variant 3 (d) Variant 4 

Figure 9. Ablation experiment replacement module setup.

The results of ablation experiments are displayed in Table 5. The effects of each com-
ponent of the improved model on the prediction performance show significant differences.
Variant 4 (the complete improved model) reaches optimal values in the three indicators
of MAE, RMSE, and MAPE under the multi-factor scenario, whose achieved performance
improvements of 5.8%, 6.5%, and 7.5%, respectively, compared to Variant 1. Under the
single-factor prediction scenarioof HSR-BPs, the three indicators also reach the optimal
value. The performance is respectively improved by 4.4%, 4.3%, and 11.0% compared with
Variant 1. In the single-component replacement variant, the performance improvement
achieved by replacing the prediction head (Variant 2) was significantly greater than that
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achieved by replacing the normalization module (Variant 3). The MAE value decreased
by 1.5% and 1.6% in the two scenariosfor Variant 2 (compared to Variant 1), which indi-
cates that the multi-scale feature fusion mechanism plays a decisive role in time series
modeling. As for the latter normalization improvement, although the single-component
replacement Variant 3 even experiences negative optimization (the MAE result of the
pier single-factor prediction scenariosdecreases by 12.3%), Variant 4 achieved reductions
in MAE of 5.8% and 4.4% in the two types of tasks, greatly exceeding the improvement
achieved by Variant 2. It shows that the normalization module (RevIN) prominently boosts
the model’s adaptability to non-stationary sequences through the collaboration with the
prediction head (especially multi-step prediction scenarioswith violent fluctuations). Fi-
nally, in both prediction scenarios, Variant 4 achieves higher accuracy for multi-factor
prediction compared to single-factor prediction, while the benchmark model, Variant 1,
shows the opposite result, indicating that these improvements are more effective in the
multi-factor prediction scenario. To sum up, MARSHead’s multi-resolution analysis and
RevIN’s distribution calibration have complementary advantages, with more obvious
improved prediction accuracy in multi-factor scenarios.

Table 5. Evaluation of the ablation experiment prediction accuracy of different methods.

Method
Multi-Factor Single-Factor

MAE/mm RMSE/mm MAPE MAE/mm RMSE/mm MAPE

Variant 1 0.05222 0.08253 5.429% 0.05172 0.08149 5.635%
Variant 2 0.05142 0.08027 5.276% 0.05089 0.07978 5.304%
Variant 3 0.05223 0.08253 5.416% 0.05171 0.08148 5.635%
Variant 4 0.04918 0.07718 5.022% 0.04945 0.07796 5.015%

Bold numbers indicate the optimal values. Underlined numbers indicate the secondary values.

This experiment reveals the deep synergistic mechanism between the two improve-
ments. MARSHead effectively captures local and global temporal patterns through multi-
scale feature fusion, while RevIN mitigates distribution shift through reversible normal-
ization. These two components address the challenges of time series prediction from the
perspectives of feature extraction and data distribution, respectively. Furthermore, the
negative optimization observed in Variant 3 suggests that RevIN’s effectiveness depends
on the structure of the prediction head; its distribution calibration function needs to be
combined with multi-scale analysis capabilities to fully realize its potential.

6. Conclusions
This study utilized E-PS-InSAR technology to acquire ground settlement data and

integrated it with high-speed railway bridge pier (HSR-BP) deformation data through
spatial interpolation using the cubic improved Hermite method. The processed dataset
was further combined with multi-source environmental parameters including regional
groundwater levels, temperature, and precipitation to establish a comprehensive dataset
for HSR-BP settlement prediction. An RMCMamba model integrating RevIN normalization
and MARSHead prediction head was proposed, systematically validating the applicability
of deep learning in high-speed railway infrastructure settlement prediction. Experimental
results demonstrate that in the multi-factor high-speed railway bridge pier prediction
task, the RMCMamba model achieved MAE, RMSE, and MAPE values of 0.04918 mm,
0.07718 mm, and 5.022%, respectively, representing improvements of 4.8%, 2.5%, and 7.5%
over the suboptimal model PatchTST. This verifies the analytical capability of multi-source
data coupling for complex nonlinear settlement mechanisms. In the single-factor predic-
tion task, RMCMamba maintained optimal performance with MAE (0.04945 mm), RMSE
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(0.07796 mm), and MAPE (5.015%), reducing errors by an order of magnitude compared to
traditional time series models (such as the Autoregressive Model), confirming the universal
advantages of its state space architecture in long-sequence dependency extraction. Ablation
experiments further prove that the collaborative design of RevIN normalization and the
MARSHead prediction head effectively enhances the model’s adaptability in non-stationary
sequence modeling. The complete RMCMamba model improved MAE, RMSE, and MAPE
by 5.8%, 6.5%, and 7.5%, respectively, compared to the benchmark Variant 1 in multi-factor
scenarios. The multi-resolution prediction head contributed a precision improvement
of 1.5–1.6%, while the combined effect of RevIN normalization and the prediction head
enabled the model to achieve a 5.8% increase in mean square error reduction in the experi-
mental scenarios, confirming the complementarity between distribution calibration and
feature fusion mechanisms.

The multi-source data fusion framework and model improvement strategy developed
in this study provide a high-precision technical solution. In practical applications, this
solution can assist in early warning of settlement trends and support differentiated mainte-
nance decision-making, offering a data-driven scientific basis for reducing infrastructure
maintenance costs. Future research will focus on exploring dynamic modeling of multi-
factor coupling relationships, and, by incorporating multi-source geophysical monitoring
data and advanced artificial intelligence models, extend the model’s predictive capability
to sudden deformation events such as earthquakes.
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