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Abstract:With the continuous development of
urban underground space, the safety and
construction control of deep foundation pits
have become a central focus in engineering
management and design research. Predicting
foundation pit deformation plays a vital role
in ensuring construction safety, optimizing
support design, and mitigating construction
risks. This paper reviews the primary
methods for predicting pit deformation and
systematically analyzes the factors affecting
prediction accuracy, with particular emphasis
on key aspects of data acquisition and
processing, including data quality, feature
selection, spatial distribution, and temporal
continuity. Through a synthesis and
comparison of domestic and international
research findings, it is highlighted that
high-quality, multi-dimensional, and
spatiotemporally continuous monitoring data
are decisive for enhancing the reliability and
accuracy of predictive models, while the
spatiotemporal coupling characteristics of
deformation are emphasized as critical in the
analysis of deformation evolution.
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1. Introduction
With the acceleration of urbanization and the
increasing development of underground space,
deep foundation pit projects have been widely
applied in major urban constructions, rail transit,
underground utility corridors, and lake-crossing
projects. However, deep foundation pit
excavation is accompanied by a series of
complex mechanical responses, including soil
deformation, displacement of support structures,
and surface settlement[1-3]. If these responses
are not effectively controlled, they may pose

potential risks to construction safety,
surrounding buildings, and underground
pipelines. Therefore, accurate prediction of
foundation pit deformation has become a critical
research focus for ensuring construction safety,
optimizing support design, and mitigating
engineering risks[4].
In recent years, numerous studies have been
conducted both domestically and internationally
on the prediction of foundation pit deformation.
Existing research methods can be broadly
classified into two categories. The first category
comprises time series analysis and statistical
regression approaches based on measured
monitoring data[5-6]. By modeling and
analyzing historical deformation data, these
methods enable short-term prediction of pit
deformation. The second category includes
prediction methods that integrate numerical
simulation with nonlinear analysis. By
incorporating stochastic finite element methods
or multi-factor coupled models, these
approaches capture the dynamic evolution of pit
deformation under complex geological
conditions[7]. In addition, empirical models
remain advantageous in certain engineering
applications due to their simplicity and
practicality. Each method has its own
characteristics, differing in prediction accuracy,
applicability, and computational complexity[8].
Nevertheless, all studies indicate that foundation
pit deformation exhibits pronounced
spatiotemporal coupling and is influenced by
multiple interacting factors.
Research on deep foundation pit deformation
prediction not only involves methodological
innovations but also requires comprehensive
consideration of the coupled effects of
engineering, environmental, and data-related
factors. This paper reviews the main methods for
foundation pit deformation prediction along with
their advantages and limitations, and
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systematically analyzes the key factors affecting
prediction accuracy. The aim is to provide
theoretical reference and practical guidance for
the development of high-precision predictive
models capable of adapting to complex
construction conditions in future applications.

2. Typical Predictive Models for Deformation
of Deep Foundation Pits

2.1 Time Series Prediction Models
Time series analysis refers to a class of modeling
and prediction methods that rely on the intrinsic
statistical correlations of monitoring data. The
fundamental assumption is that the development
trend of foundation pit deformation remains
relatively stable within a certain temporal
window, and that future deformation states can
be traced and predicted based on their linear
relationships with historical deformations. The
most representative model in this category is the
Autoregressive Integrated Moving Average
(ARIMA) model.
For a monitored sequence of horizontal
displacement or settlement of a foundation pit, if
the series satisfies the stationarity requirement
after differencing, the ARIMA model can be
expressed as:

ϕ(B)(1−B)dyt=θ(B)εt (1)
Here, B denotes the lag operator,
(1−B)d represents the d-th order differencing,
ϕ(B)=1−ϕ1B−⋯ −ϕpBp corresponds to the
autoregressive component,
θ(B)=1+θ1B+⋯ +θqBq denotes the moving
average component, and εt represents white
noise. The model parameters are typically
estimated using the maximum likelihood method
or the Yule–Walker equations.
In foundation pit engineering, the ARIMAmodel
is commonly applied for short-term predictions,
such as forecasting the horizontal displacement
of supporting structures or the trend of surface
settlement over the coming days. This approach
performs well when monitoring data are
abundant and exhibit strong regularity. However,
its predictive accuracy decreases markedly for
abrupt changes or long-term deformation
processes. Moreover, the ARIMA model is
inherently linear and cannot fully capture the
complex nonlinear interactions between the soil
and the supporting structures.

2.2 Grey Prediction Models

Grey system theory is particularly suitable for
situations with small sample sizes and
incomplete information, and it demonstrates
strong applicability in the early stages of
foundation pit monitoring when data are limited.
The most commonly used grey prediction model
is the GM(1,1) model.
Let the original sequence be:

X(0)={x(0)(1),x(0)(2),…,x(0)(n)} (2)
Generated by first-order accumulation:

X(1)={x(1)(1),x(1)(2),…,x(1)(n)},x(1)(k)= i=1
k x(0)(i)� (3)

Based on this, a first-order differential equation
is established:

dx(1)

dt
+ax(1)=b (4)

The solution is given by:
x
^(1)(k+1)=(x(0)(1)− b

a
)e−ak+ b

a
(5)

From this, the predicted values can be obtained
as:

x
^(0)(k+1)=x

^(1)(k+1)−x
^(1)(k) (6)

The GM(1,1) model has been widely applied in
foundation pit deformation prediction due to its
simplicity in modeling and low computational
demand. It is particularly effective during the
early stages of construction or when monitoring
data points are limited, often outperforming
more complex models. However, this approach
is sensitive to outliers and abrupt changes, and it
may exhibit cumulative errors in long-term
deformation predictions of foundation pits.

2.3 Support Vector Regression (SVR) Models
Support Vector Regression (SVR) is a machine
learning method grounded in statistical learning
theory. Its core principle is to map input data into
a high-dimensional feature space via a kernel
function, where an optimal hyperplane is
constructed to minimize both the prediction error
and model complexity. Compared with ARIMA
and GM(1,1), SVR is better suited for handling
complex nonlinear prediction problems.
For a training sample xi,yi ,i=1,…,n ,the
corresponding regression function is given by:

f x = w,ϕ x +b (7)
The objective function is defined as:

minw,b,ξ,ξ∗
1
2
‖w‖2+C

i=1

n
(ξi+ξi

∗ )� (8)

The constraints are expressed as:
yi−⟨ w,ϕ xi ⟩ −b≤ε+ξi
⟨ w,ϕ xi ⟩ +b−yi≤ε+ξi

∗

ξi,ξi
∗ ≥0

(9)
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Here, ϕ(x) denotes the feature mapping function,
ε represents the tolerance margin, and C is the
regularization parameter. By introducing the
kernel function K(xi,xj)=⟨ ϕ(xi),ϕ(xj)⟩ , the
optimization problem can be transformed into its
dual form:

f(x)=
i=1

n
(αi−αi

∗ )K(xi,x)+b� (10)

In deep foundation pit engineering, SVR is
commonly employed to predict the horizontal
displacement of supporting structures and
surface settlement under complex working
conditions. This method can effectively capture
nonlinear patterns when sufficient data are
available; however, its performance is highly
dependent on parameter selection, and the
computational cost is relatively high.

2.4 Kalman Filter Prediction Models
The Kalman filter is a recursive estimation
algorithm commonly used for state prediction
and noise reduction in dynamic systems. Its
primary advantage lies in its ability to integrate
system models with monitoring data, enabling
real-time correction of prediction results.
The state equation and the observation equation
are expressed as follows:

xk=Axk−1+Buk+wk (11)
zk=Hxk+vk (12)

Here, xk ​ denotes the system state (e.g.,
foundation pit deformation), zk ​ represents the
observed value, A, H, and B are system matrices,
and wk ​ and vk ​ correspond to process noise
and observation noise, respectively.
The recursive procedure consists of two stages:
prediction and update.
Prediction Phase of the Kalman Filter:

x
^
k|k−1=x

^
k−1|k−1+Buk (13)

Pk|k−1=APk−1|k−1AT+Q (14)
Update Phase of the Kalman Filter:

Kk=Pk|k−1HT(HPk|k−1HT+R)−1 (15)

x
^
k|k=x

^
k|k−1+Kk(zk−Hx

^
k|k−1) (16)

Pk|k=(I−KkH)Pk|k−1 (17)
In foundation pit engineering, the Kalman filter
can effectively integrate numerical simulation
results with on-site monitoring data, enabling
real-time correction of predicted values. It is
particularly suitable for controlling dynamic
deformations during the construction process.
However, its performance depends critically on
the proper specification of the system model and
noise statistics; inaccurate parameter estimation

may lead to filter divergence.

2.5 Comparative Analysis of Models
In summary, each predictive model exhibits
distinct advantages and limitations. The ARIMA
model is suitable for short-term linear
predictions and is computationally simple, but it
struggles to handle long-term and nonlinear
deformations. The GM(1,1) model is well-suited
for small-sample data, making it particularly
applicable during the early stages of construction,
yet it is sensitive to outliers. The SVR model can
capture complex nonlinear relationships and
achieves high predictive accuracy when
sufficient data are available, though it entails
higher computational complexity. The Kalman
filter model enables real-time prediction and
dynamic correction, making it ideal for
monitoring deformations during construction,
but its performance heavily depends on the
accurate specification of the system model.

3. Factors Influencing the Accuracy of
Foundation Pit Deformation Predictions
In foundation pit deformation prediction models
established based on measured data, the quality,
completeness, and representativeness of the data
constitute the fundamental prerequisites for
model accuracy and reliability. Even when
advanced predictive algorithms are employed,
errors, missing values, or biases in the input data
can cause the model outputs to deviate
significantly from the actual deformation process.
Therefore, analyzing the influencing factors
from the perspective of data acquisition and
processing is of critical importance for
enhancing the scientific validity and practical
applicability of foundation pit deformation
prediction models.

3.1 Data Quality
Data quality is a fundamental factor influencing
the performance of predictive models.
High-quality monitoring data should encompass
accurate, continuous, and stable measurements
from deformation monitoring points. In practice,
the precision of monitoring instruments,
installation methods, and environmental
conditions can all affect the collected data. For
instance, sensor drift, instrument noise, or
human recording errors may introduce
measurement inaccuracies, while extreme
weather or construction disturbances can result
in anomalous data. Predictive models based on
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measured data therefore require careful
calibration of instruments and rational placement
of monitoring points during data acquisition, as
well as outlier handling and data cleaning during
subsequent analysis, in order to minimize the
impact of noise on model performance.

3.2 Data Integrity and Temporal Resolution
Data integrity and temporal resolution directly
affect the responsiveness of predictive models.
Foundation pit deformation is a spatiotemporally
dynamic process that evolves continuously with
construction progress and external conditions. If
monitoring data are missing or collected at
excessively long intervals, the model may fail to
capture critical deformation trends and sudden
changes, potentially resulting in delayed or
inaccurate predictions. Therefore, during the
data acquisition stage, monitoring points should
be rationally arranged according to the
construction schedule and pit scale, and an
appropriate sampling frequency should be
established to ensure the continuity and
completeness of the time series.

3.3 Feature Selection and Data
Dimensionality
Feature selection and data dimensionality are
also critical factors influencing model
performance. In foundation pit deformation
prediction, monitoring data often include
multiple indicators such as horizontal
displacement, vertical settlement, groundwater
level variations, and stresses in supporting
structures. The contribution of each feature to
deformation varies, and directly inputting all
data into the model may introduce redundant
information or noise, potentially reducing
predictive accuracy. Through feature analysis
and selection—such as correlation analysis,
principal component analysis (PCA), or
sensitivity assessment—key variables that
significantly affect deformation can be identified
and appropriately weighted or prioritized within
the model, thereby enhancing the specificity and
reliability of predictions.

3.4 Spatial Distribution Characteristics of
Data
The spatial distribution characteristics of data
are also critical factors that must be considered.
Foundation pit deformation exhibits significant
spatial variability, and the contribution of
monitoring points at different locations and

depths to the predictive model may vary.
Uniform or strategically designed layouts of
monitoring points help accurately capture the
overall spatial deformation pattern of the pit,
whereas overly concentrated or sparse
distributions may result in high local prediction
accuracy but overall distortion. Therefore,
during the data acquisition stage, the layout of
monitoring points should be optimized by taking
into account the pit geometry, the arrangement of
supporting structures, and the stratification of
soil layers.

3.5 Data Processing and Preprocessing
Methods
Data processing and preprocessing methods also
have a significant impact on the performance of
predictive models. Noise filtering, missing value
imputation, outlier detection, and time series
smoothing are all critical steps to ensure data
usability and model stability. For example,
integrating Kalman filtering with measured time
series can effectively remove sudden noise and
enhance the real-time responsiveness of
predictive models. Spatial interpolation methods,
on the other hand, can compensate for
insufficient monitoring points and capture the
continuous spatial distribution characteristics of
foundation pit deformation.

4. Conclusion
Predicting deformation in deep foundation pits is
a crucial component for ensuring construction
safety and controlling environmental risks.
Existing predictive models demonstrate distinct
advantages in different application scenarios, yet
they still struggle to fully accommodate the
complexity and variability of engineering
conditions. A systematic analysis and
comparison of time series models, grey models,
support vector regression, and Kalman filter
models indicate that single-model approaches
often have limitations in applicability. Future
research should focus on exploring multi-model
integration and intelligent prediction techniques
to achieve higher accuracy and greater
robustness in foundation pit deformation
forecasting.
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