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Abstract: Safety is the foundation of urban sustainable development. The urban construction and
operation process involves a large amount of multidimensional time series data. By detecting
anomalies in these multidimensional time subsequences (MTSs), decision support can be provided
for early warning of urban construction and operation risks. Considering the complexity of urban
infrastructure, there is an urgent need for fast and accurate anomaly detection. This paper proposes a
real-time anomaly detection algorithm based on improved distance measurement (RADIM). RADIM
retains the relationships between dimensions in multidimensional subsequences, using an Extended
Frobenius Norm with Local Weights (EFN_lw) and a Euclidean distance based on multidimensional
data (ED_mv) to measure the similarity of MTSs. Moreover, a threshold update mechanism based on
First-order Mean Difference (TMFD) is designed to detect real-time anomalies by assessing deviations.
This method has been applied to tunnel construction. According to comparative experiments, RADIM
exhibits better adaptability, real-time performance, and accuracy in risk warning of tunnel boring
machines and construction status.

Keywords: urban infrastructure construction; multidimensional time series; real time; abnormal
detection; distance measurement

1. Introduction

With the development of smart cities, the process of urban construction and operation
and maintenance will generate a large amount of multidimensional time series containing
real-time status information of equipment and facilities [1]. Finding the abnormal operation
state in these multidimensional time series and taking timely measures to avoid the occur-
rence of risks have become hotspots of concern in the sustainable development of urban
areas. Affected by various factors, equipment inevitably causes breakdowns, degradations,
and failures, resulting in accidents, severe environmental disasters, and casualties [1,2]. To
improve the safety and quality of urban construction, it is of great significance to detect
equipment abnormalities in advance and deal with them. The application of Internet of
Things technology and the era of Industry 4.0 have significantly increased the convenience
and reliability of monitoring technology [3]. Increasing the number of sensors and im-
proving the quality of data collection on large engineering equipment will enable more
effective diagnosis of anomalies. Therefore, time series anomaly detection based on sensing
information has attracted increasing attention and made progress [4,5].

At present, time-series anomaly detection methods predominate single-dimensional
problems [6]. Multidimensional problems are often transformed into single-dimensional
problems through dimension reduction (such as by principal component analysis (PCA) [7],
kernel PCA (KPCA) [8], and locally linear embedding (LLE) [9]) or independent analysis of
each dimension [10]. The main methods include K-means [11], SVM [12], and LSTM [13].
However, they have certain limitations. First, the dimensionality reduction algorithm will
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lead to data distortion or loss, making it difficult to reconcile the contradiction between
data characterization accuracy and computational complexity. Second, an independent
dimension analysis ignores the interaction between dimensions, making it difficult to dis-
cern the relationship between the dimensions. Moreover, the limitation of computational
complexity usually bothers proposed algorithms, and it is difficult for them to meet the
needs of real-time detection for large-scale engineering equipment. Some scholars have
begun to explore direct anomaly detection methods based on multidimensional time series
to address that issue. For instance, they use correlation measurement [14,15], clustering [16],
transformers [17], or deep neural networks [18] to establish models and perform anomaly
recognition for sample points or sample subsequences. These methods consider the rela-
tionships between dimensions, reduce the distortion of the original data, and are more
suitable for anomaly detection for multidimensional time series. Although methods are
constantly innovating, particularly in machine learning and deep neural networks, these
methods cannot be applied with stable performance across all types of anomaly detection
situations [7,19,20]. The main difficulties lie in the following aspects:

(1) The actual engineering data distribution is unbalanced between normal and abnormal
data. Traditional methods cannot effectively retain the relationships between the di-
mensions of multidimensional time series, overlooking the value of inter-dimensional
relationships in anomaly detection tasks.

(2) The complex relationships of dimensional data contribute to the algorithm′s relatively
low adaptability, often failing to detect anomalies effectively due to changes in external
situations.

(3) There are higher requirements for real-time detection of anomalies, particularly in
the complex systems and large equipment used in urban construction. If effective
constraints are not promptly applied to anomalies, they can quickly spread throughout
the entire system, affecting the quality of construction projects.

A new algorithm called RADIM (real-time abnormal detection algorithm based on
improved distance measurements) has been proposed to address the bottleneck issue
in anomaly detection for multidimensional time series. RADIM combines two essential
methods to utilize the relationships between dimensions of multidimensional sequences
effectively. The first method is the Extended Frobenius Norm with Local Weights (EFN_lw),
which is particularly adept at capturing the nuances of multidimensional data distribu-
tions. It calculates similarity by considering the local weightings of data points, thereby
improving sensitivity to real-time changes in data patterns. The second method is the
Euclidean distance based on the mean value (ED_mv), which simplifies the complexity
of multidimensional analysis by focusing on the mean values of distances, providing a
balance between accuracy and computational efficiency.

RADIM also includes the dynamic threshold mechanism based on first-order dif-
ference (TMFD), which dynamically sets a reasonable threshold based on the latest data
patterns. This approach adapts to real-time changes more effectively than static thresholds,
addressing the crucial need for timely response in anomaly detection. Using a sliding win-
dow sequence segmentation method further supports the real-time aspect of the algorithm,
ensuring that the detection is continuously updated with the latest data.

Theoretical analysis and experimental results have shown that our algorithm has
relatively low time complexity, with single detection times typically under one second. This
meets the stringent requirements for real-time anomaly detection in large-scale equipment.
Furthermore, RADIM can perform anomaly detection without sufficient support from
abnormal data, thereby overcoming the low detection accuracy caused by data imbalance.
It also enhances RADIM′s capability to detect anomalies in complex, multidimensional
scenarios where traditional methods might struggle.

The rest of this work is organized as follows. The first part introduces the background
of anomaly detection. The second Section is modeling preparation, which analyzes and
classifies multidimensional time series abnormality problems by combining them with
abnormality problems for engineering equipment. On this basis, this section introduces the
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process and principles of the real-time abnormal detection algorithm based on the improved
distance and model evaluation indicators. The third Section describes the basic processes
and formulas for the critical modules of the algorithm. Six experiments are designed
to verify the algorithm′s performances in Section four, which analyzes the algorithm′s
accuracy, stability, and real-time performance. The last Section concludes and explains the
next steps for the research.

2. Algorithm Definition
2.1. Anomaly Types for Multidimensional Time Series

In the anomaly detection algorithm, an anomaly refers to data that are sharply different
in the data set. They are generated by different mechanisms rather than by random
deviations [21]. Abnormal data usually contain three categories: point, contextual, and
collective [22]. A point anomaly usually refers to a single data instance exceeding the normal
range corresponding to the rest of the data. A context anomaly refers to an abnormal data
instance in a specific context. A collective anomaly represents a collection of related data
instances that are abnormal for the entire data set.

For time-series data, both point anomalies and collective anomalies can be converted
into contextual anomalies, as time-series anomalies possess the contextual attributes and
behavioral attributes of contextual anomalies [22]. However, an ideal multidimensional
time series detection method needs to compare and analyze the single changes of time
series characteristics from the perspective of time attributes and behavior attributes and
consider the relationship between dimensions. Combined with the characteristics of en-
gineering equipment anomalies, multidimensional time subsequences (MTS) anomalies
were divided into two categories: asynchronous anomalies and synchronous anomalies, as
shown in Figure 1.
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2.1.1. Asynchronous Anomalies

Types of anomalies are defined from the perspectives of correlation between dimen-
sions and the temporal attributes of anomaly events. On the one hand, when the physical
(structure or system) correlation of each dimension is weak, it means that the behavioral
attributes of each dimension are different. In this case, whether the time attributes are
consistent or not, it is classified as an asynchronous anomaly, as shown in Figure 1a. On
the other hand, when there is a strong correlation between dimensions, indicating that the
behavior attributes of each dimension are closely related if the time attributes are inconsis-
tent, it is also considered an asynchronous anomaly, as depicted in area 1⃝ in Figure 1b. For
instance, during shield tunneling, insufficient grouting at a specific location due to blockage
in the grouting pipeline is one of many factors affecting ground settlement. Therefore, a
weak correlation exists between it and the ground settlement curve. Currently, the data
from the blocked grouting pipeline and the ground settlement data form an MTS repre-
senting an asynchronous anomaly with inconsistent behavioral attributes. Additionally,
since the grouting pipelines in the shield are independent of each other, the detection
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data would indicate that only one grouting pipeline shows a significantly abnormal data
distribution. In this case, the data from each grouting pipeline form an MTS representing
an asynchronous anomaly with inconsistent time attributes.

2.1.2. Synchronous Anomalies

A synchronous anomaly occurs when multiple sensors in an engineering device have
consistent temporal attributes and strong physical (structural or systemic) correlations
between each dimension. Generally, during the operation of engineering equipment, if the
operation mode changes abnormally due to the external environment, correlated deviations
differing from normal characteristics could appear on the detected unit. For example, in
the process of shield tunneling, when the external load changes suddenly, sensors in the
same region will fluctuate at the same time, showing similar abnormal behavior, as shown
in area 2⃝ in Figure 1b.

2.2. Algorithm Design
2.2.1. Detection Process

The data characteristics of different engineering backgrounds are various. Therefore,
problem analysis and data processing should incorporate the characteristics of the engineer-
ing equipment before anomaly detection. The time window is usually set with equipment
periodicity, and an MTS is ‘cut′ by a fixed-width non-overlapping window. Different
similarity measurement methods for data feature extraction are designed by combining
the characteristics of synchronous and asynchronous anomalies from the perspective of
equipment component characteristics. According to the status of the equipment, the normal
class and abnormal class are distinguished in the training phase. In the testing phase, the
running state of the equipment is tracked to modify the allowable deviation fluctuation
range. Once the deviation value of a time subsequence is significantly beyond the range, the
value can be considered an outlier, and the corresponding subsequence is abnormal. The
algorithm is named RADIM (abnormal detection algorithm based on improved distance
measurements), whose framework diagram is shown in Figure 2.
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2.2.2. Matching Principle of Anomaly Types and Similarity Measurements

The matching of anomaly types and the similarity measurement method are the cores
of the model. Based on the analysis of the structure of the equipment system and the
historical inspection data, the model assumes that the distribution characteristics of multi-
dimensional data are relatively stable over a period of time and do not change significantly.
Therefore, two measurement methods were set up to reflect the data distribution character-
istics and the characteristics of anomaly types. The selection criteria and the corresponding
anomaly types are shown in Table 1.

Table 1. Criteria for the selection of similarity measurement methods.

Similarity Measure Methods
Selection Criteria

Anomaly Type
MTS Correlation Temporal Attributes of MTS Abnormal Events

ED_mv Strong Consistency Synchronous anomaly

EFN_lw
Strong Inconsistency Asynchronous

anomalyWeak Consistency or Inconsistency

One method is the extended Frobenius Norm based on local weight (EFN_lw). EFN_lw
transforms the time sub-series matrix into eigenvalues and eigenvectors based on the
singular value decomposition and then calculates the similarity between different time
sub-series. Because EFN_lw can preserve the original features of the data, it is easy to
capture the corresponding anomalous events and reduce the false negative rate in the case
of synchronous anomalies with complex data distribution or asynchronous anomalies with
weak correlations between dimensions.

The other method is the Euclidean distance based on the mean value (ED_mv). In the
case of asynchronous anomalies where the dimensions of the multidimensional time series
are strongly correlated and the temporal properties of the anomalous events are inconsistent,
ED_mv measures the similarity of MTSs by analyzing them from the mean straight-line
distances between the dimensions in the sub-series of the time series in response to their
inconsistency in the time domain. Since the Euclidean distance calculation process is simple,
the ED_mv method is preferred in this anomaly type.

3. Algorithm Implementation
3.1. Overview

Suppose there is a data set Θ= {x1, x2, . . . , xη
}

containing η samples, where xi ⊆ Rn

and n represent the dimension of the time series. Using a sliding window with a width of
m(m ≫ n), Θ is decomposed into an MTS of equal width A0, A1, . . . , At(t < η/m, t ∈ N∗),
and then a dynamic workspace ∏ is set. ∏ is similar to a ‘stack′, which follows the
principle of ‘first-in-first-out′. The first k MTS of the dynamic workspace is used to hold
the normal subsequences and the last one is used to hold the subsequence to be detected.
The algorithm includes three main steps. Firstly, it selects the appropriate method to
calculate the MTS similarity based on the MTS distribution characteristics. Subsequently, it
dynamically updates the normal deviation range (NDR) based on the results of continuous
data detection, which ensures the adaptability of the algorithm to changing patterns. Finally,
the similarity calculation and the updated NDR are used to determine whether there is any
abnormality in the MTS. The specific process is shown in Figure 3.
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3.2. Similarity Measurement

First, the similarity measurement method was selected according to the data distribu-
tion features, and then the distance values of the time subsequences in Π were calculated
using the corresponding algorithmic rules.

3.2.1. EFN_lw

EFN_lw is based on the extended Frobenius Norm (Eros), which is a similarity mea-
surement proposed by Yang et al. [23]. This method, which can detect offline anomalies in
multidimensional time series well, has been applied to climate detection, bridge, finance,
and other fields in recent years [24–26]. Based on the good performance of this algorithm,
improvements were decided to be made to meet the needs of real-time detection. It is
believed, after analysis, that the calculation method of the weight coefficient is the main rea-
son limiting real-time detection. This algorithm uses all data to obtain the weight coefficient,
which reflects the overall characteristics of the data and is not sensitive enough to state
changes. When a time subsequence is added, the weight coefficient value is changed so
that the distance values of the multidimensional time subsequences associated are changed.
The contradiction between the new distance value and the old distance value limits the
online detection of the distance measurement directly. Therefore, this paper redesigned the
weight calculation method and proposed EFN_lw. The specific process is shown in Figure 4.
On the basis of ensuring accuracy, this method solved the contradiction between the old
and new distance values and reduced the time complexity from O(n2) to O(n), which meets
the requirement of online detection.

In order to compare the performance of the two methods objectively, the relevant
experimental data sets were verified to demonstrate the rationality of the EFN_lw method
in real-time distance, as discussed in Section 4.2.

Figure 4a shows the step of detecting the distance value of the time subsequences
in the detection sequence space. Assuming that the time subsequence to be detected
is Ak

′, the time subsequence Aj
′ is taken from the normal sequence space. Letting the

eigenvectors of matrixes Ak
′ and Aj

′ be VA′
k
= [β1, β2, . . . , βn] and VA′

j
= [β1

′,β2
′, . . . , β′

n],

the corresponding eigenvalues are ∑A′
k
= [λ1, λ2, . . . , λn]

T and ∑A′
j
= [λ1, λ2, . . . , λn]

T.
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The similarity between Ak
′ and Aj

′ is shown in Formula (1) as follows:

D(A′
k, A′

j) =
n

∑
i=1

ϖi| < βi, β′
i > | (1)

In this formula, the larger the calculated value is, the higher the similarity between
Ak

′ and Aj
′. The parameter ϖi is the local weight coefficient, which can be calculated using

Formula (2) as follows:

ϖi =
λi + λ′

i
n
∑

i=1
(λ + iλ′

i)
(2)

According to Formulas (1) and (2), the distance value for the two vector matrices can
be derived as shown in Formula (3). The smaller the value, the higher the similarity.

DEFN_lw(A′
k, A′

j) =
√

2 − 2 · D(A′
k, A′

j) (3)

Suppose that the k time subsequences are stored in the normal sequence space. Then,
the final distance value of Ak

′ is as follows:

DEFN_lw(A
′
k) =

1
k

k−1

∑
i=0

DEFN_lw(A
′
k, A′

i) (4)

Figure 4b shows the distance value calculation process for the first K multidimensional
time subsequences in the original time series data. The specific calculation Formula is (5)
as follows:

DEFN_lw(A
′
i) =

1
k − 1

k−1

∑
j=0,j ̸=i

DEFN_lw(A
′
i,A

′
j), 0 ≤ i ≤ k − 1 (5)

3.2.2. ED_mv

The Euclidean distance measures the distance between single-dimensional time series
data. This algorithm, being simple and widely used, was targeted for extension to measure
the distance of multidimensional time series data. The process is shown in Figure 5.

The multidimensional time subsequence At is split into n single-dimensional vectors
according to the dimension, and these are denoted as At = [a1*, a2*, . . . , an*]. Formula (6)
shows the Euclidean distance between two single-dimensional vectors.

D(ap*, aq*) =

√
m

∑
i=1

(api − aqi)
2, 1 ≤ p < q ≤ n (6)
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Due to the symmetry of the Euclidean distance, the calculations were not repeated
during traversal. Formula (7) shows the distance value of At.

DED_mv(At) =

2 ·
n
∑

p=1

n
∑

q=p+1
D(ap*, aq*)

n ∗ (n − 1)
(7)
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3.3. Threshold Mechanism Based on the First-Order Difference (TMFD)

The threshold mechanism based on the first-order difference is mainly used for dy-
namic calculation of the threshold to determine the NDR in the current mode. To increase
the flexibility of the algorithm in different scenarios, the threshold and magnification θ
were set to describe the NDR. The threshold includes the initial threshold thre_st and the
dynamic threshold thre_dy. The first K multidimensional time subsequences in the original
time series were aimed to be used to determine thre_st and θ in order to construct the initial
NDR. Then, abnormality judgments were performed on the subsequent subsequences. The
judgment results incrementally revise thre_dy to determine the dynamic update mechanism.
The process of TMFD is shown in Figure 6.
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First, the first-order difference is determined from the distance value. Assuming that
the distance value corresponding to the time subsequence At (t ≥ 0) is DSMM(At) and
that the distance values are stored sequentially in the one-dimensional array DV(t), the
first-order difference is determined according to the distance value to obtain the difference
array as ι(t) = DV(t)− DV(t − 1) = DSMM(At)− DSMM(At−1), where t > 0 and ι(0) = 0.

Second, the initial NDR is determined. To obtain the parameter range, two initial
parameter values first need to be determined: thre_st and θ. thre_st, which can be obtained
according to Formula (8) as follows:

thre_st =

k−1
∑

t=0
max(ι(t), 0)

count(ι(t) > 0)
, 0 ≤ t < k (8)

The max function is used to filter the positive values of K, and the count function
records the number of positive values. The selection of the magnification θ is based on
experimental experience and generally takes a value between 2 and 10. After determining
these two initial parameters, the initial NDR is U(0, thre_st × θ).

Third, the dynamic update mechanism is set to update the NDR in real time. As
shown in Figure 6, if the first-order difference value corresponding to the time subsequence
At(t ≥ k) to be detected is normal and positive, and then the NDR needs to be updated.
The basis for the abnormality judgment is explained in detail in the next section. Here, a
one-dimensional array ι_pos = [p1, p2, . . . , pu] is defined, u < t to store the positive values
in the difference group ι in real time. Assuming that the dynamic threshold corresponding
to At−1 is thre_dy(At−1), Formula (9) is obtained as follows:

thre_dy(At) =
1
u
[(u − 1) · thre_dy(At−1) + pu] (9)

Lastly, the NDR is updated synchronously, as shown in Formula (10).

NDR = U(0, thre_dt(At)× θ) (10)

3.4. Abnormal Judgement

Considering that most anomalies in engineering equipment are continuous, the degree
of anomaly is accumulated in the abnormality judgment method of this paper, and the
cumulative result is used to judge whether the anomaly has ended. Assuming that the
current time subsequence is At, the abnormal detection result is defined as follows. If
the result is normal, then anomaly = 0, and otherwise, anomaly = 1. In addition, Cu_dev
is marked as the cumulative deviation value. If At−1 is normal, then Cu_dev= 0; other-
wise, Cu_dev = DSMM(At−1) − DSMM(At−d), d ≤ t, and DSMM(At−d) is normal. The
corresponding abnormality judgment is shown in Formula (11).

anomaly =

{
0, DSMM(A)t − DSMM(At−1) + Cu_dev ∈ NDR
1, DSMM(At)− DSMM(At−1) + Cu_dev /∈ NDR

(11)

4. Experiment Design and Analysis

The model in this paper is written in Python. The hardware configuration of the
experimental computer is a 2.30 GHz CPU with 8.00 GB RAM, and the operating system is
Windows 10.

4.1. Experiment Design
4.1.1. Data Sets

In this experiment, two benchmark data sets and four shield engineering data sets were
selected to verify the effectiveness of the algorithm. The details of the data sets are shown
in Table 2. Data set 1 are the two-dimensional time series data generated by a function
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generator, using a random disturbance in the range (−0.5~0.5) to simulate noise [27], as
shown in Formulas (12) and (13).

ψ1(∂) =

{
2 sin∂ + εnoise, 0 ≤ ∂ < 2500, 3000 ≤ ∂ < 3500
2 sin ∂ + 4 + εnoise, 2500 ≤ ∂ < 3000

(12)

ψ2(∂) =

{
sin ∂ + εnoise, 0 ≤ ∂ < 1500, 2000 ≤ ∂ < 3500
sin ∂ + 2 + εnoise, 1500 ≤ ∂ < 2000

(13)

Table 2. Experimental data set description.

No Data Set Name Dimensionality Total
Sample Size

Training
Sample Size Real Discord Data Sources

1 Manual 2 3500 1000 1500–2000, 2500–3000 Composite data

2 Video Surveillance 2 11,250 1400 300–430, 1465–1590,
1913–2964 [28,29]

3 Grease System 6 56,580 13,125 500, 516–520
(RingNo) Shanghai Metro Line 13

4 Propulsion System 5 18,340 3500 947–959
(RingNo)

Hangzhou Wenyi
Tunnel Project

5 Grouting System 4 186,320 4000

2019/12/16 09:02–15
(RingNo:219)

2019/12/18 11:11:15
(RingNo:234)

Hangzhou Shaoxing
Metro Project

6 Pressure System 5 11,720 2250 6650–11,720 Tunnel Project in
Shanghai [30]

Data set 2 is extracted from a video of an actor performing various actions with and
without a replica gun. The two dimensions record the movement trajectory of the actor′s
right hand on the X and Y coordinates. The actor′s action is identified as an anomaly if the
actor draws the gun from the holster mounted on the hip, points it at the target, and then
puts it back into the holster [28]. Data sets 3–6 are construction data from shields used in
tunnel construction in different regions of China. Data set 3 records grease pressure data
from six grease pressure sensors, monitoring the grease pressure at the tail of the shield to
prevent grease leakage. Grease leakage may cause groundwater to surge into the tunnel,
affecting construction safety and quality. The data set collected pressure data by second,
ranging from 15:32:24 on 15 December 2017 to 5:05:49 on 24 December 2017; a grease
pressure anomaly occurred during this period. Data set 4 is used to monitor the operating
safety of the propulsion system during shield construction. The propulsion system is
crucial for shield tunneling, and abnormal warnings from the propulsion system help
engineers notice changes in excavation conditions in time and adjust the construction plans.
This data set includes five sensor values: the cutter head torque, total jack thrust, balance
pressure, propulsion speed right, and grouting pressure. It records historical information
from 2 September 2017 to 6 September 2017, and the acquisition frequency is 1 min. Data
sets 5 and 6 collect data from sensors that can reflect the stability of the ground. Ground
instability can easily lead to ground collapse, severely affecting construction quality and
increasing construction costs. Data set 5 is used to diagnose whether there is an anomaly in
the grouting pipe. This data set collects grouting pressure data at four different positions
that were recorded between 14:27:29 on 13 December 2019 and 11:32:58 on 20 December
2019, which corresponds to two actual grouting pipe blockage failures. Data set 6 is for
abnormality detection in ground subsidence. The data come from the construction of a
cross-river tunnel. We selected five sealing pressure data values at different positions in the
sealed cabin that record a surface collapse event from 1 May 2008 to 25 May 2008. The data
sampling interval is 3 min. The specific information of the data sets is shown in Table 2.
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4.1.2. Experiment Procedure

For ease of description, the RADIM algorithms based on EFN_lw and ED_mv are
marked RADIM_Elw and RADIM_mv, respectively. Since the selection of the similarity
measurement method mainly depends on anomaly types, the anomaly characteristics of
different data sets are analyzed according to the engineering background of the data sets.
The specific matching principle has been explained in Section 2.2.

Data set 1 describes typical asynchronous anomalies generated at different times.
Because the period and function types between the two dimensions are similar, it is con-
sidered that the data set belongs to asynchronous anomalies under strong correlation, and
RADIM_mv is chosen. Data set 2 records a continuous action. In this process, the two axes
record the changes in each direction in the same action cycle, but there is no obvious correla-
tion between the two dimensions. Therefore, it is easy to generate asynchronous exceptions
in weak correlation situations, so RADIM_Elw is more appropriate. The grease anomaly in
data set 3 shows that the oil in the barrel is generally exhausted or difficult to discharge.
Under normal operating conditions, the pressure of each pipeline has a significant correla-
tion; when a grease seal anomaly occurs, the pressure values of the pipelines are usually
consistent in terms of time characteristics, and it is more likely that synchronous anomalies
with strong correlation will occur, and it is easier to find such anomalies using RADIM_Elw.
In data set 4, the five sensors have different attributes, and the correlation between the
dimensions is weak. When the soil quality suddenly changes, the stability relationship will
be broken, and each sensor data will change independently. It can be assumed that this
data set is prone to asynchronous anomalies with weak correlations, so RADIM_Elw is
preferred. Data set 5 records two abnormal incidents of blockage of grouting pipes, which
occurred in pipeline 1 and pipeline 2, respectively. During normal grouting, each grouting
pipe completes grouting at different positions according to the construction requirements.
For a period of time, the ratio between the dimensions is relatively stable, but when a
certain grouting pipe is blocked, the distance relationship between the dimensions will be
broken, resulting in an asynchronous anomaly in the stronger correlation case, which is
more appropriately detected using RADIM_mv. The major ground collapse accidents in
data set 6 are typically the cumulative effect of excavation instability in the time dimension,
a process prone to strongly correlated asynchronous anomalies between pressure sensors
in the excavation. This significant change under strong correlation also applies to the
RADIM_mv algorithm. Therefore, in this experiment, data sets 1, 5, and 6 are used to
verify the performance of RADIM_mv. Data sets 2, 3, and 4 are used to detect the effect of
RADIM_Elw.

To comprehensively evaluate the performance of this algorithm, the precision, recall,
F1_Score, and running time were selected to evaluate the algorithm′s performance from
three perspectives: feasibility, stability, and algorithm comparison.

In general, the parameter settings can directly affect the detection result. This algo-
rithm has three key parameters: time window length, magnification, and MTS number
in the workspace. The time window length mainly depends on the physical meaning of
the collection field. If there are obvious periods or time nodes in the data set, they can be
used as the division basis. Otherwise, a value is assigned according to the data distribution
characteristics. The selection of magnification is mainly based on the statistical charac-
teristics of normal data fluctuations in the context of the field. After obtaining the initial
threshold thre_st, the normal interval needs to be expanded to a certain extent according
to the statistical characteristics. If the data have high volatility, it is recommended to set
a larger magnification. If the volatility is low, the corresponding value should be smaller,
which is usually between 2 and 10. In practical applications, it can be adjusted dynami-
cally according to the effect of anomaly detection. The choice of the MTS number in the
workspace determines the data size of the training set. Since the amount of data required
in the training phase of the algorithm is small, approximately 20% of the data is usually
considered for selection as the total sample. In this section, the parameters are adjusted
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according to the characteristics of the data. After 50 trainings, the parameter groups of the
different data sets are shown in Table 3.

Table 3. Parameter setting value.

Number Data Set Name Time Window Length Magnification MTS Number in Workspace

1 Grease System 175 4 75
2 Propulsion System 70 3 50
3 Grouting System 100 9 40
4 Pressure System 75 4 30

4.1.3. Model Evaluation

To compare the algorithm′s performance in terms of feasibility, stability, accuracy,
and real-time performance, four core evaluation indicators were selected: precision, recall
(sensitivity), specificity, F1_Score, and running time. The specific index formulas are given
in Formulas (14) to (17).

Precision =
TP

TP + FP
(14)

Recall =
TP

TP + FN
(15)

Speci f icity =
TN

TN + FP
(16)

F1_Score = 2 × Precision × Recall
Precision + Recall

(17)

TP represents the number of true positive results, TN indicates the number of true
negative results, and FP and FN represent the numbers of false positive and false negative
results, respectively. Among these indicators, precision measures the proportion of sub-
sequences correctly identified as normal out of those judged as normal by the model; a
high precision indicates that the model generates fewer false positives. Recall measures the
proportion of actual normal subsequences correctly identified by the model, with a high
recall rate reflecting better performance in confirming normal subsequences. Specificity
measures the proportion of actual abnormal subsequences correctly identified as such
by the model, where high specificity means better performance in confirming abnormal
subsequences. F1_Score, the harmonic mean of precision and recall, assesses the model′s
overall efficacy in identifying normal subsequences. Running time reflects the amount
of time taken by the model to run; the smaller the value of running time, the better the
real-time performance of the model in anomaly detection.

Considering the difference in detection mechanisms between the algorithms, the
training time and testing time were included in the running time to ensure the fairness of
the algorithm running time and the unity of the training data.

4.2. Benchmark Data Set Experiments

To better evaluate the performance of the algorithm, an experiment on the parameter
changes was carried out to determine the robustness of the detection results. In addition, the
characteristics of the algorithm were analyzed by comparing abnormality algorithms, such
as the meta-feature-based anomaly detection approach (MFAD) [7] and long short-term
memory (LSTM) [31]. Before performing anomaly detection, the rationality of the improved
EFN_lw based on Eros on real-time distance measurement needs to be verified according to
the previous matching results. As mentioned in Section 3.2, Eros is a similarity measurement
method based on multidimensional time series. This measurement method provides a new
solution for the anomaly detection of multidimensional time series. Although the existing
anomaly detection algorithms based on Eros have high accuracy and ideal detection results,
it is difficult to perform online detection with these diagnostic methods, and EFN_lw can
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break the bottleneck. To verify the running speed of EFN_lw, engineering data sets 3 and 4
were selected for experimental comparison.

In the experiment, two Eros and EFN_lw measurement methods were used for 20 runs
each for the grouting system data set and pressure system data set, respectively. The
average running time is described in Table 4.

Table 4. Running time of the Eros and EFN_lw methods.

Method Time of Grouting System Data Set (s) Time of Pressure System Data Set (s)

EFN_lw 0.5939 0.3047
Eros 0.8753 0.4581

It can be seen in Table 4 that the overall average running time of EFN_lw in the two
data sets is slightly lower than Eros. In addition, as the size of the data set increases,
the amount of change in the running time of EFN_lw is smaller than Eros. This can
indicate that EFN_lw has a higher calculation speed and shorter calculation time, which is
consistent with the time complexity of the two. Observing the average time taken for the
abnormal detection of a single multidimensional time subsequence in data sets 3 and 4, the
corresponding value is much less than 0.0011 s. It shows that in real-time anomaly detection,
using EFN_lw can effectively reduce the time consumption in the distance measurement
phase, and the corresponding running time can almost be ignored. Through the comparison
of the overall running time and the detection time of a single judgment, the superiority of
the EFN_lw algorithm in real-time detection can be strongly illustrated.

4.2.1. Manual Data Set

The red areas in Figure 7 are the correctly detected positions, which are consistent
with the results in Table 2. This can preliminarily prove the feasibility of the RADIM_mv
algorithm.
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Figure 7. Experimental results for the manual data set.

4.2.2. Video Surveillance Data Set

Using RADIM_Elw to detect the anomalies in this data set, the detection results were
obtained in Figure 8. Compared with Table 2, it was found that the algorithm could
accurately identify the three marked abnormal positions, with only a small difference in the
anomaly boundary. This difference was caused by the width setting of the time window
and did not affect the detection performance of the algorithm. Through the verification of
the data set, it is believed that the problem of multidimensional anomaly detection can be
solved by the algorithm.
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Figure 8. Experimental results for the video surveillance data set.

4.3. Engineering Validation
4.3.1. Grease System Data Set

Three abnormal oil pressures were found, corresponding to ring numbers 500, 516,
and 517–520 (Figure 9), which were consistent with the results in Table 2. The accuracy,
recall rate, and F1_Score of the algorithm were all 1, and the average running time was
0.855 s, which proves that the algorithm shows good performance in synchronous anomaly
detection for high-dimensional data sets. According to Figure 9, RADIM_Elw robustly
detected anomalies and ignored meaningless noise, which contributed to discovering the
occurrence of grease leakage and overhauling the grease pipelines.
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4.3.2. Propulsion System Data Set

Figure 10 shows that there are obvious differences in the data distribution character-
istics of the five dimensions in the data set. Under the RADIM_Elw algorithm, a total of
nine inconsistencies were detected in data set 4, and the position of the abnormal marks
was found accurately without missing reports. According to the statistics, the average
running time of the algorithm was 0.635 s, which meant that it was less time consuming.
RADIM_Elw can be considered suitable for solving complex multidimensional time series
anomaly detection problems. Additionally, continuous multiple alarms in the propul-
sion system could remind constructors to optimize construction decisions for tunneling
condition shifts.
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Figure 10. Experimental results for the propulsion system data set: 1 discord, location 7280~7420, ring
number 947; 2 discord, location 7770~7910, ring number 948; 3 discord, location 9170~9310, ring num-
ber 949; 4 discord, location 9800~10,080, ring number 950; 5 discord, location 10,430~11,130, ring num-
ber 951; 6 discord, location 11,200~117,600, ring number 952; 7 discord, location 12,530~15,470, ring
number 953~956; 8 discord, location 15,750~15,890, ring number 957; 9 discord, location 16,590~18,270,
ring number 958~959.

4.3.3. Grouting System Data Set

Comparing the results in Figure 11 and Table 2, it was found that the algorithm had
some misreports, which are indicated in blue. The first and third places roughly matched
the actual abnormal mark, but the second discord was an obvious false alarm. Since the
blockage of the grouting pipe during shield construction is a gradual accumulation process,
it is believed that it is normal that the detected interval is greater than the time of the
anomaly log. The performance of the algorithm in this data set was quantified according to
the information in Table 2, and it was calculated that the average parallel time was 2.339 s
and the F1_Score was 0.980.
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4.3.4. Pressure System Data Set

It can be seen in Figure 12 that the algorithm detected two inconsistencies. Comparing
the locations in Table 2, it was found that the algorithm can detect the locations of the
accidents. The subtle difference was mainly due to the magnification and time window
parameters. In actual engineering, it is believed that such a small range of false detection is
allowable. To objectively measure the performance of the algorithm on this data set, key
indicators were calculated from the perspective of sample size, resulting in an accuracy of
0.952, a recall rate of 0.978, a comprehensive F1-score of 0.965, and an average running time
of 0.197 s.
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In general, using four key evaluation indicators to verify the algorithm on the above
data sets, it was found that the algorithm proposed in this paper can, relatively accurately,
find abnormal locations in a very short time and comprehensively perform well.

4.4. Parameter Sensitivity

To study the sensitivity of the algorithm to key parameters and judge the stability of
the algorithm, two representative engineering data sets were selected from the previous
data sets: grease system and grouting system data sets for testing. In the experiment, three
sets of control experiments were set up with three key parameters as the only variables.
In each set of experiments, the parameter values to be verified were set at equal intervals.
Each parameter was tested 50 times, and then the average of the results was recorded. In-
corporating general experience with the key parameters, the window length, magnification,
and MTS in the workspace interval were set to 5, 0.5, and 5, respectively. The experimental
results are shown in Figures 13–15.

Comparisons can be drawn in Figures 13–15, leading to the following conclusions.
First, according to the fluctuation degree of the curve, the overall data volatility is not large,
and the algorithm has strong stability with respect to parameter changes. By comparing the
distribution of the curve under different parameter changes, the sensitivity of the algorithm
to the parameter under the set interval value is determined: magnification > the window
length > the MTS in the workspace. This rule informs us that in the actual parameter
adjustment process, the magnification value should be coarsely tuned first, incorporating
the values drawn from engineering experience, followed by fine tuning the time window
length and, finally, precision tuning the MTS number in the workspace to determine the
optimal parameter combination. Second, the relationship between the key parameters
and the algorithm running time was studied. From the experiment, it was found that
the running time of the algorithm and the time window length show a relatively obvious
inverse proportional relationship. Therefore, in order to reduce the running time of the
algorithm in an actual engineering data set, the width of the time window can be increased
appropriately to provide a certain amount of time redundancy for anomaly detection in
order to meet the time requirement.
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4.5. Algorithm Performance

In this section, the typical algorithms LSTM and MFAD were chosen for experimental
comparison. In theory, the time complexity of RADIM is roughly the same as that of MFAD,
which is O(n), and the time complexity of LSTM is relatively high, and its value is O(n2).
In the experiment, the four engineering data sets in this paper were used to compare the
three algorithms under different engineering backgrounds. The experiment was repeated
100 times, and the optimal value and average value of the detection results of the algorithm
were recorded. The results are shown in Figure 16.

Figure 16a–c show the performance of three algorithms on four experimental data
sets in terms of five metrics: precision, recall (sensitivity), specificity, F1_Score, and run-
ning time.

In Figure 16a–c, it is evident that the three algorithms can detect most anomalies, with
the optimal precision and recall rates for the four experimental data sets being close to
or equal to 1. The average precision and recall scores of RADIM and LSTM exceed 0.9,
indicating their steady and accurate performance. F1_Score comprehensively measured
the algorithms′ accuracy according to precision and recall scores. In terms of the specificity
index, the average level of the RADIM algorithm in the four data sets is not less than 0.9,
the average level of LSTM algorithm in the other data sets is not less than 0.81, except
for 0.36 in the grouting system data set, and the average level of the MFAD algorithm
in the four data sets is lower than 0.72, which shows that the RADIM algorithm can
identify normal subsequences correctly with a low false alarm rate higher than the MFAD
algorithm. The accuracy of the RADIM algorithm in identifying the actual abnormal
subsequence is significantly better than the other three algorithms. In Figure 16d, RADIM
and LSTM performed better than MFAD with respect to the F1_Score, and RADIM and
LSTM possessed over 0.96 in all data sets, except for data set 4 regarding the propulsion
system. Associated with the engineering background, the dimensional relationship of
the propulsion system data set might be more complicated, which leads to a decline in
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the detection accuracy for all three algorithms. RADIM successfully detected anomalies
in the propulsion system data set with an F1_Score of 0.875 on average, which is higher
than LSTM and MFAD. Additionally, the numerical difference of the F1_Score between
the average and optimal values contributed to analyzing the stability of the experimental
operation. RADIM′s minor differences proved its relatively stable performance for four
experimental data sets. From the perspective of anomaly types, the synchronous anomaly
in data set 3 and the asynchronous ones in data set 5 can be well-detected under RADIM
with an F1_Score of over 0.97, while results under LSTM showed a weaker ability to detect
a synchronous anomaly.
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Figure 16e illustrates the running times of the algorithms in four experimental data
sets. Despite the influence of data volume, the algorithms′ running duration remained
consistent within the same data set. Notably, the RADIM algorithm, with a running time of
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less than 5 s for the detection of tens of thousands of multidimensional data, proved to be
significantly more efficient than LSTM and MFAD. This efficiency reassures the audience
about the real-time detection capabilities of RADIM.

Conclusively, regarding algorithm accuracy, the performance of RADIM and LSTM
is about the same. Still, the RADIM algorithm has a clear advantage regarding specificity
metrics and is more stable for synchronous and asynchronous anomalies. From the per-
spective of running time, the time consumption of RADIM and MFAD is much less than
that of LSTM. That is, the results of the RADIM algorithm in real-time anomaly detection
have the accuracy of LSTM and the lower time consumption of MFAD, thus meeting the
requirements of real-time detection for engineering equipment.

5. Conclusions

Real-time anomaly detection of multidimensional time series in large-scale engineering
facilities in intelligent construction is extremely challenging. The complexity of multidimen-
sional time series data, the noise interference of the field environment, and the requirements
for real-time detection accuracy, like the three factors, have increased the difficulty of algo-
rithm research. In this work, the detection method RADIM is introduced. The algorithm is
simple in principle but can effectively deal with synchronous type and asynchronous type
anomaly monitoring of the MTS while preserving the integrity of information between
dimensions. Compared with the traditional MTS anomaly detection algorithm, the RADIM
algorithm′s time complexity is reduced to O(n), and the anomaly detection threshold can
be updated dynamically to satisfy adaptive, real-time, and high-precision detection of
anomalies with high detection accuracy. The algorithm is applied to four engineering
equipment data sets with large data sizes and different detection types. Comparative
analysis of the experimental results shows that the algorithm performs better than typical
anomaly detection algorithms in large-scale urban construction equipment anomaly detec-
tion. RADIM′s consistent performance in engineering equipment data sets illustrates its
potential for a wide range of applications in other urban development scenarios, such as
bridge structural inspections and large and complex equipment system operating condition
inspections that contain multidimensional time series.

The proposed RADIM algorithm′s existing limitation is that the parameters′ values
depend on the characteristics of the data set′s distribution. Therefore, more data analysis
and experience must be used in the initial parameter adjustment process. In the case of
complex data sets, the time required for parameter adjustment is relatively long. In addition,
the similarity measure methods in the algorithm are incomplete, which cannot fully meet
the needs of multidimensional time series anomaly detection in complex situations.

In future work, three main areas will be focused on for improvement. (1) Different
types of multidimensional raw data in urban infrastructure will be considered to extend
or improve the similarity measurement method (SMM). (2) A model database will be
established to record typical data sets′ characteristics and parameter group values. This
will provide decision-making input or suggestions for subsequent data sets of the same
kind of large-scale engineering equipment or abnormality types, aiming to reduce the
time needed for parameter adjustment in complex data sets. (3) Design and improve the
similarity measurement method and establish an adaptive matching mechanism, making
the algorithm more operational and generalized.
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