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Abstract

The high sampling frequency of highway structural health monitoring systems brings a heavy burden on data storage.
However, existing dynamic response identification approaches can guarantee either reduced data volume after identifica-
tion or high accuracy of dynamic response identification. Motivated by this, we propose a real-time dynamic response
identification method to filter meaningless data. Our method not only selects effective features from highway structural
health monitoring data, but also designs a training data generation strategy for machine learning models within the
dynamic response identification framework. Experimental results on real highway structural health monitoring data dem-
onstrate that our proposed approach spends 0.4 ms to process the monitoring data generated in 1 s and saves around
91.63% storage space. Also, the recall value of our method achieves 0.91 on average.

Keywords Monitoring data - Real-time identification - Feature selection - Machine learning - Model training

1 Introduction

With the constant improvement of highway construction, it
is an important task to monitor the long-term performance of
highway service for structural health evaluation and mainte-
nance decision making [1]. As the cornerstone of revealing
the essence of highway disease, structural health monitoring
(SHM, for brevity ) data are collected by many regions and
institutions. As Fig. 1 shows, strain sensors are built in the
pavement and generating SHM data continuously [2]. When
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there is no vehicle load, the SHM data change mainly with

the pavement temperatures [3].

To obtain the transient information of highway structure
under high-speed vehicle loads, the sampling frequency
of highway SHM data reaches up to 2000 Hz. Such high
frequency makes the data size reach 5-6 TB each month,
which brings a heavy burden on data storage.

To alleviate the storage burden of highway SHM data,
researchers and practitioners in pavement monitoring com-
munity attempt to extract the key data that are generated
under vehicle loads, referred to dynamic responses, from the
entire SHM data and filter the other data. Even though many
effective dynamic response identification models have been
proposed [4-8], they can not guarantee the small data stor-
age size after filtering, high identification rate of dynamic
responses, and real-time performance at the same time.
How can we filter meaningless data as much as possible and
achieve high identification rate in real time? This problem
brings the following challenges.

(1) In practice, there is no label in highway SHM data
and the ratio of dynamic responses is usually ﬁ. The
unlabeled and sparse properties of SHM data make it
difficult to establish a well-trained dynamic response
identification model, which is called a cold start of
model training. Therefore, the first challenge is how to
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Fig. 1 The sketch of highway structural health monitoring

handle the cold start in dynamic response identification
model establishment.

(i1) Since there are a lot of statistical characteristics in high-
way SHM data, such as the mean value, extreme value,
and variance, the second challenge is how to deter-
mine which features are valuable for dynamic response
identification.

(iii) Since the highway SHM data are generated with high
frequency in real time, the third challenge is how to
reduce the storage space of SHM data.

In light of the first challenge, we divide the historical high-
way SHM data into equal-length data segments and label
positive examples for segments by crowdsourced annota-
tion from field experts [9]. Note that in this paper, a positive
example refers to a data segment which contains dynamic
responses while a negative example denotes a data segment
without dynamic responses. Based on the labeled segments,
we construct a training data set where the ratio of posi-
tive examples to negative ones is 1:1 and input it into the
machine learning model.

To address the second challenge, we select candidate
statistical features which are related to the classifica-
tion of positive and negative examples. Then, we use the
feature selection based on mutual information to choose
effective features from the candidate set [10]. In this way,
we obtain the features which are most related to the clas-
sification labels, that is, most useful for dynamic response
identification.

After identifying dynamic responses from SHM data,
the data segments which are classified as positive examples
are stored. To save the storage space, we design a real-time
identification framework to classify the incoming data seg-
ments and filter the negative examples efficiently. Via this
solution, the third challenge is solved.

To summarize, the contributions of this paper are three-
fold as follows.

(i) With the consideration of the unlabeled and sparse prop-
erties of highway SHM data, we develop a real-time

dynamic response identification method based on
crowdsourced labelling and machine learning.

(i1) We adopt feature selection strategies based on mutual
information to determine the features which are useful
for dynamic response identification.

(ii1) Experimental results demonstrate that our proposed
dynamic response identification method reduces around
91.63% data storage space and spends 0.4 ms to process
the SHM data generated in 1 s. Also, the recall value of
our approach achieves 0.91 on average.

The remainder of the paper is organized as follows. We
first review the related work and propose the framework
of the dynamic response identification method. After that,
we discuss training data generation and dynamic response
identification in detail. Then, experimental evaluations are
presented and analyzed. Finally, we conclude this paper.

2 Related Work

The related literature is divided into the following main
lines.

Highway SHM Data Denoising Before using measured
SHM data to identify highway dynamic response, most
studies have focused on noise reduction since there are
many interference factors in the monitoring process [11].

In the Long-Term Pavement Performance (LTPP) pro-
gram, researchers conducted statistical analyses on missing
values, outliers, and redundant values in SHM data for noise
reduction [12]. Bismor used the Butterworth low-pass filter
to denoise the acceleration data collected by MEMS sen-
sors and adopted an average filtering approach to process
the magnetic field data [13]. Ma et al. divided SHM data
into three parts, including the pavement dynamic response
under loads, the baseline drifting with temperature, and the
unavoidable noise [14]. They leveraged the moving average
filtering method to reduce the noise created by temperature.
However, when SHM data are denoised by filtering meth-
ods, the peak value was reduced. To weaken the influence
on peak values, Sencer et al. recommended using linear
interpolation before processing data with a moving aver-
age filtering approach [15]. Compared with non-stationary
signal noise reduction methods, such as median filtering,
stationary wavelet filtering, and empirical mode decompo-
sition, Bian et al. observed that the Butterworth low-pass
filter integrated with second-order difference outperformed
the other approaches in terms of noise reduction level and
algorithm cost [8].

Various kinds of filtering techniques have been widely
applied in SHM data denoising. Even though the commonly-
used noise reduction methods, such as median filtering [16],
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band-pass filtering [17], synchronous accumulation [18],
correlation detection [19], and lock detection [20], perform
well in non-linear vibration signal denoising tasks, they
need to consume a great amount of computing resources
in the running process [21]. Therefore, these approaches
are not suitable to denoise high-frequency and large-scale
highway SHM data. Considering the properties of highway
SHM data, we adopt the noise reduction method which
combines linear interpolation and moving average filtering
in this paper.

Highway Dynamic Response Identification Most
approaches of highway dynamic response identification
are based on threshold [4-6], information entropy [7], or
energy [7, 8].

In earlier years, researchers set the threshold value man-
ually based on the characteristics of a SHM data segment
and compared all data points with the determined thresh-
old value [4]. If there exists a point which is larger than
the threshold value, there may be dynamic response in the
data segment. However, in practice, the selection of thresh-
old value is related to the traffic loads, environmental con-
ditions, and researcher experience. The day-night changes
may also cause the fluctuation of SHM data collected by
sensors. Therefore, the threshold value method is hard to
guarantee the performance of dynamic response identifica-
tion for high-frequency and large-scale highway SHM data.
Motivated by this, Abed et al. considered that the highway
SHM data without vehicle loads were Gaussian distrib-
uted [5]. They selected the data range of Gaussian distri-
bution as the threshold range and identified the dynamic
responses based on it. Han et al. used the low-pass filter
to obtain extreme data points and extracted the dynamic
response data based on them [6].

To improve the effectiveness of dynamic response iden-
tification, Hu et al. introduced the concept of information
entropy and the endpoint detection method based on short-
time energy into this field [7]. They computed the informa-
tion entropy and signal energy for normalized series data
with equal step length and identified the dynamic responses.
Based on the experimental evaluation, they observed that
the information-entropy-based identification method was
suitable for the SHM data whose signal-to-noise ratio was
high. In addition, there was a big difference between SHM

Fig.2 Framework of dynamic
response identification method for
highway SHM data: a SHM data
pre-processing, b training data
generation, ¢ dynamic response
identification

historical
SHM data

data
denoising

newly coming
SHM data
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data and other data in terms of energy. Bian et al. computed
the short-time average energy, long-time average energy,
and the ratio of them [8]. They set the ratio value as athresh-
old and treated the short-term data segments whose ratio
was larger than the threshold as dynamic responses.

While the above-mentioned work proposed a lot of effec-
tive methods to identify dynamic responses for highway
SHM data, they could not guarantee reduced data storage
requirements after filtering, high dynamic response identi-
fication accuracy , and real-time performance at the same
time. To make up for the deficiencies, we take feature selec-
tion and machine learning into account and develop a real-
time dynamic response identification method for highway
SHM data.

3 Framework Overview

In this section, we introduce the framework of our proposed
dynamic response identification method.

The design of this framework has two goals. One is to
obtain sufficient and effective data for model training. To
achieve this goal, we add the training data generation mod-
ule in our framework. The other is to establish a real-time
machine-learning-based model that is able to filter mean-
ingless information of incoming SHM data as much as pos-
sible. Therefore, we add the module of dynamic response
identification to our framework. The framework is illus-
trated in Fig. 2.

3.1 SHM Data Pre-processing

Our goal in this module is to clean the highway SHM data
and prepare data segments for training data generation or
dynamic response identification.

For the historical SHM data D, the first step is to adopt
the noise reduction method which combines linear inter-
polation and moving average filtering to denoise D. Then,
we divide D into equal-length segments D; (1 <7 < %
which contain 100 data points, that is, | D;| = 100. Finally,
we send the data segments to the next module for training
data generation.

(b) Training Data Generation
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For the incoming SHM data Dy, we first use the data
denoising approach to reduce the noise of Dy. Then, we
extract data segment Ds whose length is 100 from Dy.
Finally, we send each D; to the dynamic response identi-
fication module.

Note that the length of a data segment is typically influ-
enced by the data sampling frequency, vehicle axle spac-
ing, and traveling speed. A shorter data segment may fail
to adequately capture the dynamic response characteristics,
while a longer segment could reduce the efficiency of data
processing. For instance, the time interval for a vehicle with
a 2.5-m axle spacing to pass one sensor at 100 km/h can be
calculated as around 0.090 s. Thus, at a sampling frequency
of 1000 Hz, only 90 data points are effective to record the
complete passing information of the vehicle. Accordingly,
we set the length of a data segment to 100 points. In addition,
via our proposed framework, even if a complete dynamic
response is split across two adjacent data segments, both
segments can be accurately identified.

3.2 Training Data Generation

In order to generate training data for the dynamic response
identification model with the given SHM data segments, we
apply crowdsourced labelling and feature selection in this
module.

First, we label the historical segments by crowdsourcing
and differentiate positive examples and negative examples.
Since the original proportion of positive and negative exam-
ples is around 1:200, we select the labelled segments by
adjusting the proportion to 1:1 for a high-performance train-
ing data set. Finally, we extract effective features from the
selected segments to construct training data for the dynamic
response identification model.

We will discuss this module in detail in the section of
Training Data Generation.

3.3 Dynamic Response Identification

For the generated training data, we train the dynamic
response identification model in this module.

For the given newly coming data segments, the first step
is to select effective features from them. With the selected
features as testing data in the identification model, we iden-
tify positive examples as dynamic responses.

We will explain this module in detail in the section of
Dynamic Response Identification.

4 Training Data Generation

In this section, we discuss the detailed process of training
data generation.

As Fig. 2 shows, there are three steps to generate the
training data for the dynamic response identification model.
The first step is crowdsourced labelling. Since each histori-
cal SHM data segment D; C D (1 <1 < %) is unlabeled,
we label each D; with L; by crowdsourcing [9]. For high-
quality labelled data segments, we select 9 domain experts
to judge whether each D; contains dynamic responses. If
there is dynamic response in D;, the experts set the cor-
responding L; as a positive example. If not, they set L; as
a negative example. Based on the results of 9 experts, we
determine the final label of each L;.

The second step is proportion adjusting. Since the origi-
nal proportion of positive examples and negative examples
is about 1:200, it is hard to train a high-performance model
with the original proportion. Therefore, based on the labeled
data segments, we construct a SHM data set whose propor-
tion of positive examples and negative examples is 1:1 and
treat it as the training data set for the dynamic response
identification model.

The third step is feature selection. Since there are many
candidate statistical features in the training data set, such as
mean value, variance, and peak value, it is necessary for us
to determine which features are valuable to identify dynamic
responses, that is, are most related to the given labels. Our
core idea is to adopt the concept of mutual information [10]
to measure the correlation between each feature and its cor-
responding label. The value of mutual information M7 of a
feature f'is computed as follows.

MI(f)ZQXI(L7f|S)_g(LaSaf)7

where « is a coefficient to regulate the relative significance
of mutual information, L is the label set, and S is the selected
feature set. The function g(L, S, f) is a deviated function
about f'and S under L, which denotes the redundancy of /'
and S, and can be learned from historical data. The function
I is computed as follows.

I(X;Y)=>" Zlogm,

yeY zeX

where X and Y are two variables. The function p(x, y) is the
joint probability density function of X and Y. If X and Y are
closely related to each other, the value of / will be large, and
I = 0 means that these two variables are independent.

In this step, our candidate features are mean value, vari-
ance, skewness, peakness, maximum value, and minimum
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value. Based on the computation of mutual information,
we select the features whose mutual information values are
large as effective features for the dynamic response identifi-
cation model. Then, we encode the effective features and the
corresponding label of each selected data segment as train-
ing data and send them to the module of dynamic response
identification.

Since the selected effective features depend on the data
characteristics [10], different SHM data sets may produce
different effective features. We will show the practical fea-
ture selection process in our experimental section.

5 Dynamic Response Identification

In this section, we explain the training and testing process in
the dynamic response identification module.

We denote the selected effective features as F; and the
encoded feature values of each training data segment D;
as F;. As illustrated in Fig. 2, for the training process, the
goal is to train a dynamic identification model M, where
L, = M(F;).

Note that the selection of the machine learning model
relies on the training data characteristics [22, 23], we will
discuss the practical model selection in our experimental
section.

For each data segment D, extracted from incoming SHM
data Dy, we first select the same features Fs as those in the
training data generation module from D;. Then, the values
of F are encoded as a vector V. We treat Vs as testing data
and send it to the trained model M.

By computing L, = M (V;), M produces the label Ly of
Vs and judges whether the corresponding D; is a positive
example. If D, is positive, it contains dynamic responses.

The pseudo code of identifying dynamic responses are
shown in Algorithm 1. The input is the incoming SHM data
Dy and the output is the dynamic response data set Dg.

Input: newly coming SHM data Dy
Output: dynamic response data set Dp
Dpgr + 0 5

foreach D, € Dy do

F, + getFeatures(Dy) ;

Vs + encode(F) ;

Lg < M(Vs) ;

if Ly==1 then

L Dpg + append(Dg, Dy) ;

if L,==0 then
| continue;

EN I < NG| N SR

© o

10 return Dg;

Algorithm 1 Dynamic Response Identification Algorithm

@ Springer

We first initialize an empty set Dy to store the dynamic
responses (Line 1). For each data segment D, in Dy,
we extract features F; from it and encode F to a vector
Vs (Lines 2—4). Then, we input Vj into the trained identifica-
tion model M and obtain the corresponding label Ly (Line
5). If the value of Ly is 1, Dy is a positive example and we
append it to the set Dy (Lines 6-7). If the value of L, is
0, D, is a negative example and we filter it. The process is
iterated until there are no remaining data segements (Lines
8-9). Finally, we output the dynamic response set D, (Line
10).

Time Complexity Analysis The time complexity of our
algorithm is linear with respect to the number of data seg-
ments, denoted as 7, in the incoming SHM data. Formally,
the complexity can be expressed as O(n), as the algorithm
processes each segment exactly once in order. The identifi-
cation operation for each segment executes in constant time,
that is O(1). Therefore, the overall time complexity remains
O(n).

Space Complexity Analysis The space complexity is
determined by the storage of identified positive segments.
Let p represent the proportion of segments containing
dynamic responses, where p < 1. Suppose the total number
of segments is n, the space complexity is O(p - n).

6 Experimental Evaluation

In this section, we discuss the experiments of our proposed
framework and analyze the experimental results. First, we
conduct feature selection to determine the effective features
for the identification model. Then, we compare our approach
with existing dynamic response identification methods and
test the performance of different machine learning models in
our framework. Next, we verify the efficiency of our identi-
fication method. Finally, we tune the parameters in machine
learning models to select the best parameter values.

Data Sets In our experiments, we use real SHM data col-
lected by 8 single-point fiber grating sensors from Jilin Ton-
ghua Highway. The sampling frequency of sensors is 250
Hz and the time range of highway SHM data is 7 days. The
training and validation data sets of our dynamic response
identification model are shown in Table 1.

Metrics Since our first goal is to filter the meaningless
SHM data as much as possible to save storage space, we
use the sum of TP (True Positive) and FP (False Positive) to
measure the effectiveness of the proposed dynamic response
identification method. TP is the number of positive exam-
ples that are identified correctly and FP is the number of
negative examples that are identified as positive examples.
The sum of TP and FP represents the data segments which
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Table 1 Training and validation data sets information

Data set type Sensor ID #-Positive #-Nega-
examples tive
examples
Training set 1 300 300
Validation set 1 117 23,283
Training set 2 200 200
Validation set 2 76 15,124
Training set 3 200 200
Validation set 3 86 17,114
Training set 4 200 200
Validation set 4 116 23,084
Training set 5 200 200
Validation set 5 106 21,094
Training set 6 200 200
Validation set 6 98 19,502
Training set 7 200 200
Validation set 7 68 13,532
Training set 8 200 200
Validation set 8 82 16,318

Table 2 Mutual information values of candidate features

Feature Mutual information
Mean value 0.1081
Variance 0.5065
Skewness 0.4646
Peakness 0.3069
Maximum value 0.2135
Minimum value 0.0709
Range 0.5222
Peak to average ratio (PAR) 0.5279

are not filtered by our model, that is, those that are preserved
in our storage space.

Also, since the second goal of our framework is to pre-
serve positive examples as much as possible, we use recall to
measure the ratio of dynamic responses which are identified
and preserved. The value of recall is computed as follows.

all — TP
recall = s TEN
where FN is the number of positive examples which are fil-
tered wrongly.

Since the other goal of our framework is to identify
dynamic responses in real time, we use running time to mea-
sure the efficiency of our proposed method. We test each
result 5 times and report the average time costs.

Setup All experiments are conducted on a computer with
an AMD Ryzen 7 5800HS CPU@3.20 GHz, 16 GB mem-
ory. All algorithms are implemented in Python.

6.1 Feature Selection

Since feature selection is an essential step in both training
data generation and dynamic response identification mod-
ules, we test the effectiveness of feature selection from
highway SHM data. The candidate features are mean value,
variance, skewness, peakness, maximum value, minimum
value, range, and peak to average ratio. We utilize a SHM
data set, which contains 500 data segments from Sensor
1, to compute the mutual information value between each
candidate feature and the data segment labels. All data seg-
ments are labeled as 0 or 1 by crowdsourcing. The mutual
information values are depicted in Table 2.

As Table 2 shows, the mutual information values of range
and peak to average ratio (PAR) are the highest. Therefore,
we treat range and PAR as effective features in our SHM
data sets. Since different SHM data sets may produce dif-
ferent effective features, we need to recompute the mutual
information values of the candidate features when the given
data change.

6.2 Comparison Experiments

To verify the effectiveness of our proposed framework, we
test the sum of TP and FP and the recall value compared with
3 commonly-used dynamic response identification methods,
that are threshold method [6], entropy method [7], energy
method [8], and 6 classical machine learning models in our
framework, that are decision tree, k-nearest neighbors, naive
bayes, support vector machine, logistic regression, and ran-
dom forest [22, 23]. All validation data segments from the
8 sensors listed in Table 1 are grouped into datasets, with
each dataset consisting of 400 continuous segments. The
average experimental results obtained on these datasets are
presented in Tables 3 and 4.

As shown in Tables 3 and 4, the three commonly-used
methods identify fewer dynamic responses, and their per-
formance exhibits considerable variation across different
sensors. In contrast, the machine learning methods in our
framework achieve recalls higher than 0.8 for dynamic
response identification in most cases, while also preserving
a reasonable number of data segments. We conduct a com-
prehensive statistical analysis of the performance of each
method, and the results are presented in Table 5.

As depicted in Table 5, the method achieving the highest
average recall is the support vector machine model, with
29.3391% preserved data; the method with the second high-
est average recall is the k-nearest neighbors model, with
8.3718% preserved data. As the goal of our framework is
not only to achieve the dynamic response identification, but
also to filter meaningless data segments, we recommend
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Table 3 TP + FP values of different methods on different sensors

Method Sensor 1 Sensor 2 Sensor 3 Sensor 4
Threshold method 7.3590 6.2632 2.8605 4.5345
Entropy method 2.0513 0.9474 0.2791 2.2586
Energy method 2.4615 1.2895 0.3023 5.8103
Decision tree 44.2307 58.4736 12.3488 14.9827
k-nearest neighbors 52.0769 65.4211 19.4419 23.0344
Naive Bayes 24.5641 35.2895 8.6512 11.1034
Support vector machine 166.8205 149.3421 114.2558 113.0345
Logistic regression 44.2308 58.4737 12.3488 14.9828
Random forest 41.8462 54.1316 14.8140 18.1379
Method Sensor 5 Sensor 6 Sensor 7 Sensor 8
Threshold method 5.2830 5.2653 3.7353 2.1463
Entropy method 148.1698 0.4490 28.9118 0.1463
Energy method 222.8870 0.6327 25.6765 0.0488
Decision tree 18.2264 38.4286 32.5000 15.9756
k-nearest neighbors 26.5471 45.3265 37.6765 23.0000
Naive Bayes 13.0377 22.2653 17.6471 8.3415
Support vector machine 117.6038 119.3469 115.6765 104.5366
Logistic regression 18.2264 38.4286 32.5000 15.9756
Random forest 20.7925 36.6939 30.7059 16.4390
Table 4 Recall of different methods on different sensors

Method Sensor 1 Sensor 2 Sensor 3 Sensor 4
Threshold method 0.8632 0.9605 0.3256 0.8966
Entropy method 0.6068 0.4605 0.1279 0.8448
Energy method 0.7949 0.6316 0.1279 0.8966
Decision tree 0.9145 1.0000 0.8023 0.9397
k-nearest neighbors 0.9402 1.0000 0.8023 0.9655
Naive Bayes 0.9145 1.0000 0.6512 0.9397
Support vector machine 0.9915 1.0000 0.9070 0.9914
Logistic regression 0.9145 1.0000 0.8023 0.9397
Random forest 0.9145 1.0000 0.7907 0.9483
Method Sensor 5 Sensor 6 Sensor 7 Sensor 8
Threshold method 0.9057 0.7857 0.3676 0.3537
Entropy method 0.9811 0.2449 0.7353 0.0488
Energy method 0.9811 0.2245 0.5294 0.0244
Decision tree 0.9811 0.9082 0.8676 0.8537
k-nearest neighbors 0.9623 0.9184 0.8676 0.8537
Naive Bayes 0.9811 0.8980 0.6912 0.7561
Support vector machine 0.9906 0.9286 0.9265 0.8537
Logistic regression 0.9811 0.9082 0.8676 0.8537
Random forest 0.9811 0.9082 0.8529 0.8415

users adopt the k-nearest neighbors model when using our
framework.

Comparison results further confirm that our proposed
method not only reduces the storage space dramatically, but
also guarantees s a high dynamic response identification
accuracy.

@ Springer

6.3 Efficiency Study

To verify the efficiency of our approach, we test the total
time costs and the time costs per data segment. The results
of all data from 8 sensors are depicted in Table 6.

As Table 6 shows, the total time costs are directly pro-
portional to the number of data segments that are processed.
We observe that the three commonly-used methods process
each data segment in 0.02 ms and the six machine learning
methods in our framework process each data segment on
average 0.037 ms.



Real-Time Dynamic Response Identification for Highway Structural Health Monitoring Data 255

Table 5 Comprehensive performance of different methods

Table 7 Default values in different methods

Method Average Total TP Ratio of
recall +FP preserved
data (%)
Threshold method 0.6823 1664 1.1108
Entropy method 0.5037 9123 6.0901
Energy method 0.5263 13,214 8.8211
Decision tree 0.9084 9956 6.6462
k-nearest neighbors 0.9137 12,541 8.3718
Naive Bayes 0.8540 6039 4.0314
Support vector machine 0.9486 43,950 29.3391
Logistic regression 0.9084 9956 6.6462
Random forest 0.9047 9996 6.6729
Table 6 Time costs of different models
Method Total time costs Time costs
(ms) per data seg-
ment (ms)
Threshold method 2835.3593 0.0189
Entropy method 2280.3950 0.0152
Energy method 1470.3634 0.0098
Decision tree 978.3792 0.0065
k-nearest neighbors 5347.4977 0.0357
Naive Bayes 924.1548 0.0062
Support vector machine 23816.1831 0.1590
Logistic regression 957.5059 0.0064
Random forest 1308.3177 0.0087

Although the commonly-used methods process data in a
shorter time, as shown in the experimental results presented
in Section 6.2, their model performance is unsatisfactory.
For our framework, with the exception of the support vec-
tor machine and the k-nearest neighbors methods, all other
methods are able to complete the identification of a single
data segment within 0.01 ms. Although the k-nearest neigh-
bors method takes 0.0357 ms to process a single data seg-
ment, it is still able to perform real-time identification of
dynamic responses for SHM data at a sampling frequency of
1000 Hz. Therefore, our proposed approach is able to iden-
tify dynamic responses in real time.

Evaluation results further demonstrate the high efficiency
of our proposed method.

Fig. 3 Results of decision tree P+ FP
. 0.94 | —=— Recall
model in our framework

0.92

Recall

0.90 \ 20 0.91

Method Parameter Default value
Decision tree random_state 136
Decision tree max_features 2

k-nearest neighbors weights uniform
Naive Bayes model GaussianNB
Support vector machine random_state 475

Logistic regression random_state 67

Logistic regression penalty 11

Logistic regression solver liblinear
Random forest random_state 412
Random forest max_features 2

6.4 Parameter Tuning

There are some parameters in machine learning models of
our framework. To determine the optimal values for these
parameters, we randomly choose 2000 data segments from
all sensors and tune the model parameters according to
their performance. By varying each parameter, we measure
the average recall and TP + FP value among the 8§ sensors.
When we vary one parameter, the other parameters are set to
their default values. The default values in different models
are shown in Table 7 and the experimental results of param-
eter tuning are illustrated in Figs. 3,4, 5, 6, 7, and 8.

As depicted in Fig. 3, for the decision tree model, we
vary max__depth and min_samples leaf from 1 to
15. It can be observed that as max__depth increases, the
total value of TP + FP also rises, and the average recall
value shows a decreasing trend. This is because increasing
maz__depth enables the tree to capture more complex pat-
terns, thereby better distinguishing positive and negative
examples. When the value of max__depth is 3, the model
gets the highest recall, and the value of TP + FP is rela-
tively small. However, as min__samples_leaf increases,
each leaf node requires more samples, meaning the tree
becomes more conservative. Samples are only predicted
as positive when the evidence is sufficiently strong, lead-
ing to the model’s performance gradually stabilizing. When
the value of min_samples leaf is 3, the average recall
value reaches its maximum and the average value of TP +

TP + FP|
—=— Recall

40 0.93 40

(T

max_depth

(a) Tuning of Parameter max_depth.

0 0
1 2 3 4 5 6 7 8 9 10 1l 12 13 14 15 12 3 4 5 6 7 8 9 10 11 12 13 14 15

min_samples_leaf

(b) Tuning of Parameter min_samples_leaf.
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Fig. 4 Results of k-nearest neighbors model in our framework
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Fig.5 Results of Naive Bayes model in our framework
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Fig.6 Results of support vector machine model in our framework
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Fig. 7 Results of logistic regression model in our framework

FP is not excessively large. Therefore, to achieve good per-
formance of the decision tree model, we set 3 as the value of
max _depth and min_samples leaf.

As shown in Fig. 4, for the k-nearest neighbors model,
we vary n_neighbors from 1 to 15. It can be seen that
as n_neighbors increases, the classification boundary
gradually smooths out, the impact of noise diminishes,
and consequently the recall gradually stabilizes. Currently,
in this binary classification problem, when n_ neighbors
is even, the occurrence of tied votes between positive and
negative examples forces many boundary samples to be
classified as negative. This phenomenon does not arise
when n_neighbors is odd. Therefore, as the value of
n_neighbors increases, while the overall value of TP +
FP exhibits a downward trend, a sawtooth-like odd-even
effect emerges. When the value of n_neighbors is 9, the
recall reaches the highest level and the value of TP + FP
is relatively small. Thus, to achieve well performance of
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(b) Tuning of Parameter gamma.
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Fig.8 Results of random forest model in our framework

the k-nearest neighbors model, we set 9 as the value of
n_ neighbors.

As illustrated in Fig. 5, for the naive bayes model, we
vary the natural logarithm of var _smoothing from — 12
to 0. We see that as var _smoothing increases, both recall
and TP + FP exhibit a decreasing trend. This is because the
number of negative examples in the dataset far exceeds
that of positive examples. Increasing var smoothing
enhances distribution overlap, making decisions more
dependent on prior probabilities and leading the model to
predict the negative class more frequently. When the nat-
ural logarithm of var smoothing reaches -7, the recall
remains at the maximum level, while TP + FP reaches its
minimum within this range. Therefore, to achieve well
performance of the naive bayes model, we set -7 as the
value of In(var _smoothing), the corresponding value of
var _smoothing is 9.119 x 1074,

As depicted in Fig. 6, for the support vector machine
model, we vary the natural logarithm of C from -7 to 3
and the natural logarithm of gamma from 0 to 20. It can
be observed that when the value of /n(C) is -2, the average
recall reaches the highest and the value of TP + FP is the
lowest. This is because when the penalty coefficient C is
small, the model tends to select decision boundaries with
“wide margins”. Many samples near the boundary (includ-
ing some positive examples) are classified as negative. As
C increases, the decision boundaries better fit the training
data, and more samples are correctly classified as positive.
In addition, as the natural logarithm of gamma increases, the
model transitions from near-linearity to capturing a degree
of non-linearity, thereby enhancing the accurate identifica-
tion of positive examples. Consequently, both the value of
recall and TP + FP gradually increase and eventually stabi-
lize. When In(gamma) reaches 14, the recall remains at the

0851 B
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(b) Tuning of Parameter n_estimators.

maximum level, while TP + FP reaches its minimum value.
Thus, to achieve the best performance of the support vector
machine model, we set 0 as the value of In(C) and 14 as the
value of In(gamma), that is, C is set to 1 and gamma is set
to 1.2026 x 10°.

As shown in Fig. 7, for the logistic regression model,
we vary the natural logarithm of C from -5.0 to 1.0, which
means that the value of C varies from about 0.0067 to
2.7182. It can be seen that when C is small, few samples
are predicted as positive examples, as the output probability
approaches the prior probability while the dataset contains
a large number of negative examples. As C increases, the
model begins utilizing features for classification, enabling
more samples to be predicted as positive examples. This
leads to an increase in TP + FP and recall, eventually reach-
ing saturation. When the value of /n(C) is -0.5, the recall
reaches the highest level and the value of TP + FP is the low-
est. Therefore, to achieve satisfactory performance of the
logistic regression model, we set -0.5 as the value of /n(C),
the corresponding value of C is 0.6065.

As illustrated in Fig. 8, for the random forest model,
we respectively vary max _depth and n_estimators
from 1 to 10. Similar to decision tree models, increasing
max_depth and n__estimators enhance model perfor-
mance from two distinct perspectives: by boosting the com-
plexity of individual learners and by increasing the overall
capacity and stability of the ensemble model. We see that
both the value of recall and TP + FP gradually stabilize with
some fluctuation. When max__depth is set to 5, the recall
reaches its maximum value. Beyond this point, further
increases in maz _depth do not lead to any improvement in
model performance. Similarly, the model reaches the opti-
mal performance when n__estimators reaches 7. Thus, to
achieve the best performance of the random forest model,
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we set 5 as the value of max__depth and 7 as the value of
n__estimators.

7 Conclusion

In this paper, we propose a real-time dynamic response
identification method for highway structural health moni-
toring data. Based on the method, we are able to reduce the
storage space dramatically and guarantee a high identifica-
tion rate of dynamic responses. Evaluation results show that
our proposed method with the k-nearest neighbors model
not only decreases the highway structural health monitor-
ing data storage space to 8.37%, but also achieves high effi-
ciency and high recall at the same time.

Since the characteristics of highway structural health
monitoring data are continuously changing, our future work
aims to design a self-adaptive dynamic response identifica-
tion model. In addition, since the performance of machine-
learning-based identification models can be unstable, we
are also interested in developing an integrated identification
framework with different base models.
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