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E ective Multilayer Hybrid Classi cation Approach for Automatic Bridge Health Assessment on
Large-scale Uncertain Data

Yun Yang,Fengtao Nan,Po Yang

We design a bridge evaluation system for the classi cation of Bridges. This is conducive to timely maintenance of the
bridge to ensure people's travel safety and reduce the economic losses caused by the bridge safety problems.

By changing the previous form of manual classi cation and combining machine learning algorithm with bridge eval-
uation, automatic bridge status monitoring and evaluation are realized, and the labor cost is reduced.

A new robust hybrid model based automatic bridge health assessment approach is proposed and development. In this
approach, we establish a supervised classi er under the condition of detecting uncertain labels and realize error label
correction. Compared to traditional classi ers, this classi er is more feasible to dealing with large-scale bridge data
with uncertain labels, where it performs good performance in bridge health evaluation with complex structures.

A new penalty function analysis method is proposed and integrated in the proposed classi er to measure the nal label
of the hybrid classi cation model. This function can iteratively determine the uncertain labels of the labeled data set

and evaluate the con dence of the uncertain labels, in which the high con dence data is expanded into the training set
and the low con dence data is corrected.

In practical applications, a comprehensive experimental evaluation and discussion of the proposed method was carried
out. Experiments on benchmark data and actual bridge data sets show that the proposed method is superior to alternative
solutions and provides potential solutions for practical applications. The results show that when evaluating bridges with
complex structures and large-scale uncertain data, our method can greatly outperform other traditional methods.
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ARTICLE INFO ABSTRACT

Keywords The health level of the bridge is critical to the safety and maintainability of the bridge. However, with
large-scale uncertain label the rapid increase of bridge data with complex information, manual evaluation of bridge health re-
bridge health evaluation quires high labor and time costs and a lot of related knowledge. Meanwhile, due to the error of sensors
hybrid classi cation model and subjective judgment of experts, as well as the in uence of the external environment of the bridge,
penalty function there is great uncertainty in the evaluation of the bridge data. Thence, how to use a large amount of

bridge data with large-scale uncertain labels to build a robust classi cation model for e cient and
high-quality bridge health assessment has become an urgent task. In order to better assess the health
of the bridge, we adopt a multi-layer hybrid method to iteratively determine the uncertain labels of
the target data set, evaluate the con dence of the large-scale uncertain labels, add high-con dence
data to the training set, and correct the low-con dence data. Finally, we get an e ective classi cation
model with the optimized training data set. This paper studies the learning problem of classi cation
model on labeled data with large-scale uncertain labels, and proposes an e ective hybrid classi cation
model (HCM), which can establish a supervised classi er under the condition of detecting uncertain
labels and realize error label correction. In order to measure the HCM label assignment problem,
we introduce a new penalty function, which can evaluate the label consistency problem of two basic
classi ers. Meanwhile, we apply the model to bridge data with uncertain labels for bridge health eval-
uation. Experiments conducted on synthetic data, benchmark data and real bridge data sets show that
the proposed method is superior to other methods and provides an e ective and convenient solution
for bridge health assessment. At the same time, this method can also be used in other research elds
where there are large-scale uncertain labels.

1. Introduction [19, 36, 33, 18]. In the process of bridge health evalua-

For industrial licati how to obiecti i dtion, due to the subjectivity of qualitative evaluation and
orindustria’applications, Now 1o objective guan ify an the limitation of some statistical methods, as well as the in-
access the health condition of existing bridges has become 3

. o Brference of many external factors that cannot be quantita-
important problem o maintain long-term safety and SmOOtqively described. The research of bridge health evaluation
pf trac OV.V[ 3L 2.9’ 2.7’ 19, 3(_5’ Z3, R —— theory mainly includes: vibration based identi catio8],[
industrial information integration promotes the transforma—StrLICturaI ngerprint and variability ], system identi ca-
tion of the industry, and the provision of an automated bridg '

assessment system has important practical signi cance fc??on [14], optimization of detection pointsif]. Now, the
: ) echnique of integrity assessment has been applied to some
highway tra c[ 9, 10, 38, 39]. Currently, bridge health eval- a grty PP

i d ¢ stratedi " I OIsimple structures, but it cannot be reliably applied to com-
uation and assessment stralegies are mostly manually Offay siryctures. The main reasons that hinder the use of this
signed, where experts will extract some key indicators o

echnology are as follows2p, 25] 1) The in uence of un-

bridges and f“'.”her assess_thelr hea!th evalua'uop. Thesteertainty and non-structural factors in structure and environ-
”.‘a”“a' strategle_s are Iaponous and time-consuming, ©SPfient. 2) The measurement information is incomplete. 3)
cially towards bridges with large-scale and complex SIUCY gy, cient measurement accuracy and measurement signal

tures.tDue o tTIe ertrr(])r(_)f sensors?trllqd su?]ectnl/eJU(_jgment oise. 4) Bridge structure has high redundancy and mea-
eXperts, as well as the in uence of the externa enV'mnm('m%urement signal is not sensitive to local damage.

of the.brldge, there is great upcertamty n the evaluation o Bridges are an important part of the transportation net-
the bridge data.In the industrial applications, how to evalu-

- T . work and require daily inspection and maintenance activi-
ate the health condition of the existing bridges has becomﬁes_ Generally, bridge managers pay more attention to the
an important problem to ensure the safety and smooth tra c '

i > 13 20 e ective management of existing bridges and the develop-
ines [. , 13, 20). L - ._ment of bridge management systerfig][to assist decision
Bridge health evaluation is a complex decision-making

ivolvi ltivle levels. indicat d fact makers in establishing e ective repair and maintenance pro-
process nvolving muftiple [evels, indicators and fac c)rsgrams. fi4] proposed a bridge damage diagnosis and pre-

<Corresponding author diction reasoning system based on fuzzy rules, which aims
“Yun Yang and Fengtao Nan contributed equally to this work to provide bridge designers with valuable information about
= yunyang@ynu.edu.cY. Yang); fengtaonan@mail ynu.edu.cn (F. the in uence of design factors on bridge agin@1J uses a

Nan); Poyangcn@gmail.coifP. Yang)

oRCID{S): fuzzy method combining probability theory and fuzzy rea-
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Figure 1: Framework of bridge health evaluation system based on HCM

soning to evaluate the degree of bridge damage and anaf systems is no maximize reduction. These systems do not
lyze its causes.32] used Markov model in the bridge man- reduce the intensity of people's work and are highly depen-
agement system 3] describes the Finite Element (FE) and dent on people.

experimental bases of a practical bridge management and In order to solve the complexity of bridge data (i.e., un-
maintenance (BMM) system.3§] uses decision tree and balanced, multimodal, noise, less) and improve the accuracy
Markov process to select the maintenance strategy of thand timeliness of bridge evaluation, this paper attempts to
in-service bridge, so that it has the smallest life cycle costinvestigate one feasibility of combining the classi cation al-
These systems are e cient and e ective to deal with bridges gorithm (supervised learning) and clustering algorithm (un-
evaluation with simple structures and small-scale data, bugupervised learning) as a hybrid classi cation model is to
su ers from key limitations. Firstly, these methods only con- solve the problem of classi cation task and training data la-
sider a single factor in the health evaluation of the bridgebel uncertainty. We propose a system for automatic and e -
Secondly, the biggest di culty of the bridge data classi - cient bridge health evaluation. The main work of the bridge
cation task is that the data label is uncertain, and the singlbealth system assessment is to evaluate (classify) the existing
classi cation algorithm has no label error correction ability. bridge health status based on historical bridge data. In this
The process of obtaining bridge behavior data from comsystem, a classi er trained with labeled samples is used, and
plex bridge engineering, which is known to be faulty, is dif- then a class label is assigned to the existing bridge, and a cor-
cult and costly. In contrast, obtaining behavior data from responding maintenance plan is proposed for each evaluated
normally functioning bridges is much easier and cheaperstructure. In our implementation, we have designed a hybrid
since most bridges work normally for most of their lifetime. classi cation model to solve the uncertainty of bridge label-
In the process of practical evaluation, due to the subjectiving and successfully applied it to bridge health assessment
ity of qualitative evaluation (i.e., expert subjective experi-system. The purpose of this hybrid algorithm is to make it
ence) and the limitation of some statistical methods (i.e.capable of error label correction. Di erent from other meth-
data dimension is too large, data is presented in multimodabds to deal with uncertain labels, this hybrid classi cation
form), as well as the interference of many external factorsnodel is designed to make it capable of error label correc-
(i.e., pressure and humidity around the bridge) that canndion. The reason for this is the lack of bridge data, which
be quantitatively described, the evaluation of bridge healths very precious. This paper introduces a automatic bridge
has great ambiguity and uncertainty. Therefore, it is highlyhealth evaluation system to monitor the bridge health. Our
demanding to explore new classi cation model based autosystem has a series processes include data collection, data
matic assessment system towards large-scale and uncertgirocess, etc. In the system, we combine the machine learn-
bridge health related data. Meanwhile, those fundamentahg algorithm and bridge health evaluation system to build
bridge health evaluation systems do not automatically evalthe machine learning model in a data-driven way, so as to
uate bridge health, but are more like a data analysis platforrminimize the dependence on people and make the system
that requires people to participate. There is no maximizednore intelligent. In summary, the main contributions of our
reduction in intensity of people's work and the automationwork are summarized as follows:

Yun Yang et al.: Preprint submitted to Elsevier Page 2 of 15
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1. We designed a bridge evaluation system for the classiwe extend hybrid classi cation model (HCM) into a frame-
cation of Bridges. This is conducive to timely main- work of bridge health evaluation system. Meanwhile, the
tenance of the bridge to ensure people's travel safetyeal-time monitoring interface and output results of the sys-
and reduce the economic losses caused by the bridgem are shown in Fig.and Fig3.

safety problems.
S et |
. By changing the previous form of manual classi ca- -

tion and combining machine learning algorithm with - P
bridge evaluation, automatic bridge status monitoring
and evaluation are realized, and the labor cost is re
duced.

* K127+982FF

. A new robust hybrid model based automatic bridge
health assessment approach is proposed and develo
ment. In this approach, we establish a supervised clas
si er under the condition of detecting uncertain labels

K9S+7474F
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KI127+4756 T
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K127+8506F F
K127+9825 1

K131+710%F
K131+720%F
K131+730%F
K96+07145

K133+491.845 1

K133+491.857F

and realize error label correction. Compared to tra-gigyre 2: The real-time monitoring interface. This system is

ditional classi ers, this classi er is more feasible to appjied to a bridge company in Kunming, China, and the in-
dealing with large-scale bridge data with uncertain la-terface contents are all in Chinese.The left-hand column of the
bels, where it performs good performance in bridgeimage is the name of each bridge.The right column is once for

health evaluation with complex structures.

bridge health assessment, maintenance program recommenda-

tion, special inspection and real-time monitoring functions.

. A new penalty function analysis method is proposed
and integrated in the proposed classi er to measure

the nal label of the hybrid classi cation model. This R T e e

function can iteratively determine the uncertain labels ..

of the labeled data set and evaluate the con dence o
the uncertain labels, in which the high con dence data
is expanded into the training set and the low con - -
dence data is corrected.

*K127+9824FF

. In practical applications, a comprehensive experimen.
tal evaluation and discussion of the proposed methoc
was carried out. Experiments on benchmark data ani

+ K127+9824F

K93+4808
K95 +74TH
K127+475H
K127+475HFF
K127+8508
TSR —%
FHPAR: HR—

K127+850(F

K131+710%F
K131+720%F
K131+73038F
K96+071#f L
K133+491.84 &
K133+491867F _

actual bridge datasets show that the proposed methoa

is superior to alternative solutions and provides po-

tential solutions for practical applications. The re- ~'9ure 3: Output of bridge health evaluation system. The
main interface is the evaluation result of the bridge, which is

sults show that when evaluating bridges with complex : - .
. shown as a class one bridge, and the maintenance scheme is
structures and large-scale uncertain data, our metho

can greatly outperform other traditional methods.

The remainder of this paper, section Il describes the The system is mainly used to achieve powerful perfor-
bridge health evaluation system, and section Ill proposednance on bridge datasets with uncertain label sets. The en-
robust hybrid classi cation model along with details of the tire framework can be divided into three modules.
major techniques developed. Section IV reports the exper- Data Processing:Data acquisition equipment and col-
imental results for synthetic data, benchmark datasets arlg@cted data are shown in Figand Figs. The function of this
veri es a practical bridge health evaluation model based orart is to convert the non-standard bridge data into standard
our approach as well as the experimental results for bridggridge data. The main operations include: 1) unstructured

datasets. Finally, section V presents the discussion and cofata to structured data; 2) data dimension reduction; 3) data
clusions. normalization; 4) data balance processing

Algorithm Application: After the data processed in
2 F k of Brid Ith luati the rst step, we analyze the data. Bridge data features are
. Framework of Bridge Health Evaluation mainly composed of three parts, namely the bridge super-
System Based on HCM structure, substructure and oor system. The representative
In this section, we focus on how our bridge health eval-features are shown in Fi§. This module trains our proposed
uation system works e ectively in the presence of uncertainapproach HCM on the preprocessed bridge data with both
label data. At the same time, we propose a hybrid classi canormal and uncertain sets. According to the main evaluation
tion model (HCM) to deal with uncertain labeling of bridge components of the bridge, we introduce multi-view learning
data. HCM is described in Section Ill. As illustrated in Big.  [37]. In fact, objects can often be described from di erent

Yun Yang et al.: Preprint submitted to Elsevier Page 3 of 15
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Figure 5: Original bridge data. The data contents are recorded
in Chinese, including structured data and unstructured data.

Figure 6: Representative features

views. Usually, a bridge can be described by bridge super-
structure, bridge substructure and oor system. We consideg_ Description of Hybrid Classi cation Model
the superstructure, substructure, and bridge deck system as ] . ) o
auxiliary tasks and the reddest evaluation of the bridge state N this section, we propose a hybrid classi cation model
as the main task. Three classi ers are used to train the protHCM) in order to solve the uncertain labels problem. Our
cessed data obtained from the three components. Then tifégorithm pseudocode is shown in Algorithm 1. Its rstterm
training results of the three classi ers are used as the charad$ completely unsupervised, using only unlabeled instances
teristics of the main task to train the nal bridge evaluation {0 measure the di erence between the cluster output and the
classi er. At the same time, a hybrid classi cation model is ©riginal uncertain label. We use consistent matching to ana-
proposed to solve the problem of uncertain labeling in bridgéyze the initial label of the data. We use consistent matching
data. to analyze the initialization label of data. The main purpose
Bridge Health Evaluation System Output: Trained- of initialization steps_is divided _into datadetwith normgl
learners perform classi cation tasks, where the cases repré@bels and dataset with uncertain labels. The second item
sented by the data (such as bridges) are determined by tab%oresents the comparison between the ogtpgt classi cation
that determine membership in one of the prede ned cate@nd the clustering output among the monitoring processes.
gories of various possible damage levels. Meanwhile, ac¥Ve Select the same label output (use the penalty function to
cording to the corresponding bridge evaluation grade, wénalyze the similarity) by the two classi ers as the normal
can give the corresponding maintenance plan. In the eld of@bels, and add the data to the datalset
bridge health evaluation, traditional methods mainly adop
manual annotation, and manual analysis is needed for th
data collected by equipment, which results in labor cost. At
the same time, the analyst needs to have some knowled

of the relevant eld. In this case, how to combine machine . . .
learning, the establishment of an intelligent system is particthrough unsupervised clustering and use the corresponding

ularly important. Our bridge health evaluation system carnatching to measure the clustering results and the original
intelligently assess the health status of the bridge withou_fiata labels. In order to get the label of each cluster, the data

human cost and provide corresponding maintenance plan In each cluster is matched consistently with the data in the
the same time. original data class. That is, the original data and cluster-

ing results are intersected, and then normalized to obtain the

.1. Initialization Procedure

In the beginning, we think that there are uncertain la-
Is in the data and no clear label mechanism is established.
e performed cluster analysis on the uncertain label data

Yun Yang et al.: Preprint submitted to Elsevier Page 4 of 15



Short Title of the Article

Algorithm 1 A robust hybrid classi cation model with un-

certain labels
Input: D =".x;;y;/ ¥, B_ClusterandB_Classi er e w
Output: L | o D ESN
Initialize: L =E; U =E ' . -f;‘;
1: f.x;/ } B_Cluster.D/ N
2: if f 'Xi/ ==%i then ae i ., ‘ oo
3: Add .x;;yi/ toL wTgs L Teame °
4: while L is changedio B Q'g&;‘i&'
H ‘ 15 i 50: L .'. ° : ®
5 if f.x;/° y; then o e Be g el g
_ K _ _ : g u  mE
6: f.x/= o pK=ylpx&X =yl 5 - S .
7 f.x/= X :(=13 sz1 p.C = y&K =y /pxX =y, / B B ; I H
_"k TK -
8: f X= G o Wik kP XA =/
o if P.f.xj/y;/==1 then Figure 7: Original data distribution
10: Add .x;;yi/ toL
11: else
12: Add .x;; f .x;/l toL
13 U:U remove.x;;y;/
14: L:L add.x;;y;orf .x;//

15: return result

consistency matrix.
théol . Qlaoz Caeas Qléon c -1 .::-.; H:}:' ..::'~ Po0s%e ©
g NPT oy
;quajol_QZQa]OZ_____QZQa]Ong 3 . '-'. . UYL ;
H=f Q " Q@ 7 Q g (1) :
f L .
f Qnéol . Qnéoz . Qnéong -2 -1 [ 1 2 3
dQ, ' Q ' Q

where Q; denotes the-th cluster andO; denotes the-th

class. In consistency matrkt, we choose the largest value
in each row to measure the category of clustering results.
The corresponding matching is presented in'Fand Fig8.

Figure 8: Cluster by K-means

clustering result And classi cation result as the new label of

In Fig.7, there are 3 clusters corresponding to 3 classes. . . .
means (Fig) is able to deliver a good decision boundary. he _uncerta_m label data an<_j add it to the uncerta_un dat_g set
again. In this way, our algorithm has error correction ability

By our calculations, we obtain the consistency makfix to a certain extent. At the same time, the normal label data
From the matrix £), we can clearly get the similarity be- is added to the tra.inin set to ex ana the training data and
tween the original data and the clustering results, and we 9 P 9

can also assign a label to the unsupervised clustering. Improve the generalization ability of the model.

Hybrid Classi cation Model (HCM): We start with the
unsupervised clustering where we initially went to a small

b 0 0976 Q024 i :
H=f0o01l 0005 Q98 ) number of samples that had certain labels. Following the
50:979 0 00218 notations in previous section (Initialization Procedure), let

D = X4Vl Xo: Yol s 5. X Yi!” denote all the provided
data, we usd. = " Xq;yqi/5 Xo Yol ;X /T andU =
3.2. Estimation Procedure NXie1iYieals Xie2i Yia2: X Y- to denote the certain
Through the initialization step, we divide the original labeled data and the uncertain labeled data.
data set into the normal label data set and the uncertain label We de ne a hybrid model, which consists of two
data set. In the estimation procedure, we think that as long gsarts: an unsupervised cluster structlte which con-
the given labels in the two evaluation methods are consistentains K = .1;2;::;;K clusters, and a supervised struc-
the uncertain label data can be transformed into the normdure C, which containsC classes. According to the tra-
label data. In the case that there are di erences among thditional hybrid model structure, we assume that the data
two evaluation criteria, we select the same result (use th® =".Xq;y1/;.X5;¥o/; 8 ;
penalty function to measure the similarity of the results.) of.x,;y, /" are independent realizations of a random vector

Yun Yang et al.: Preprint submitted to Elsevier Page 5 of 15
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X E R with density function: the pairwise Cosine similarity8] between the probability
vectors and normalize them in [0, 1].Therefore, similar ex-
fox/= B DK = Vi /pxK = y,/ 3) amples shpuld be close to each other and highly correlated.
' 1 ' kT k Since we intend to use the structure generated by the clus-

tering algorithm and the classi cation algorithm to calculate
wherep.K = y,/is the prior probability of thé-th cluster  the similarity in uncertain terms. If the result calculated by
andp.x&X = y,/ is the corresponding conditional density. Penalty Function Analysis is greater than 0.5, the label of
Next, we introduce thg supervision information carriedthe HCM is consistent with the original label; otherwise, the
by the learning data. SinceiK:l p.K =y & =y/=1for labelisinconsistent. In the case of inconsistency, we select

allk = 1;2;:::: K ,combining formula §) and iK:1 p.K = the label result of the HCM as the correct result, while the
y,&C =y, / = 1, we get formula4). original label is the sample of the uncertain label. This is a
& simple explanation of our label correction.
f.x/= pC=yX =y/pxX =y/ (4  3.3. Optimization
i=1j=1

The probability of the occurrence of uncertain label data
wherep.C = y;/& =y, can be interpreted as the probabil- is introduced into the optimization objective, and it is impos-
ity that thek-th cluster belongs to the i-th cluster, so the con-Sible to estimate the model parameters through theoretical
sistency between the cluster and the cluster can be measurédialysis similar to maximum likelihood estimation. In fact,

Using the classic symbol of the parametric mixed model andf you take the partial derivative of both sides, you nd that
introducing the symbolv, = p.C = y, & = y,/, we can the parameters on both sides cancel out. The classi cation

reconstruct formula4) as: of uncertain label data in the training set can misjudge the
hidden value, andd] is called the estimation problem under
B incomplete data set. At present, EM algorithir][is the
f.xi= Wi kP-X&X = Y/ (®)  classical and mainstream algorithm for estimation problems

i=1j=1 under incomplete data sets.

where = p.K = y,/. Therefore, §) shows both the
modeling part of our hybrid model-based approach and thql Experiment Results
monitoring part through parameters. Since the modeling de- "

scribed in this section is based on a mixed model, we canuse !N order to verify our method, as described in Sections 2
any conditional density to model each cluster. and 3, we conducted a series of basic experiments and prac-

tical applications in this section to demonstrate our HCM
Penalty Function Analysis: According to the labels ob- method in a more rigorous and fair manner, and recorded de-
tained from the robust HCM, the similarity calculation is tailed experimental results. In the experiment, three groups
carried out between the original labels and HCM labels toof representative experiments were conducted. 1) to test the
determine the con dence of the nal labels. Penalty func- su ciency of the basic concepts introduced by our method,
tion, presented in€), measures the similarity betweep ~ we propose a robust supervised classi cation model for
andq.. The penalty function uses a similarity measure,uncertain label data, which was initially applied to 2-D-
r.;;Jands.:; / are calculated as in formula3)((8). Then  synthetic data sets with di erent characteristics; 2) to check
map them to penalty factors in the regular term. The prodthe e ectiveness of our method, the proposed HCM for data

uctr.q,; g/ . G, g/ is normalized in [0,1]. with uncertain labels was initially applied to UCI datasets
_ _ with di erent characteristics; 3) on this basis, by collecting

P.g,; G/ = sign. -GG/ * S q”'q<// (6)  sucientand complex bridge data sets, further experimental

2 veri cation is carried out to compare the test with the exist-

In this paper, we choose the Pearson correlation coe -ing technology. Finally, we verify the e ectiveness of the
cient [22] and the Cosine similarityl] between the probabil- bridge health assessment system and demonstrate its e ec-
ity vectorsg, andg,. Using Euclidean distance alone may tiveness in practical application.
not capture all the information between two vectors. For-  In the process of experimental simulation and veri ca-
mally, (8) shows the similarity concerning the correlation tion, the 10-fold cross-validation method was used for ver-

3 i cation, and the classi cationsAccuracy F-Measureand
o iz1-Ohi © G/ Ohj * a4/ Recallwere recorded respectively. Accurady?|472] is the
MO G/ =t = t— » (7)  evaluation standard used by most machine learning algo-
iz1-Oni * Go/? i=1-Oki * G/ rithms or deep learning algorithms, and is an important indi-
cator to measure the quality of an algoritha®]. Substan-
. O G tially, precisioncorrelated samples indicates the percentage
S0 G/ =1 38,0800, 00 (8)  occupied in the retrieved samplecall represents the cor-

related samples are retrieved relevant percentage of the total

whereq, is the mean of the vectop andg, isthe mean ofthe - samples. Thérecision Recalland Accuracy41] are de-
vectorg,. Forthe second similarity measure, we compute all

Yun Yang et al.: Preprint submitted to Elsevier Page 6 of 15
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Figure 10: Classi cation prtfromance
on 2-D-synthetic data set with SVM

Figure 11: Classi cation perfromance
on 2-D-synthetic data set with
our approach

Figure 9: Input data distribution

ned as 9), (10) and (L1). smaller than the original data set, which can easily lead to
small samples problems and over- ttingpbust estimation

of model parameters Therefore, other researchers recom-
mend not deleting any learning instances, but building ro-
bust supervised classi ers to label noigd.[ However, ro-

TP bust estimation of model parameters generally requires many

= TP+ FP (10) parameters, and it is di cult to grasp the value of parame-

TP+ TN
A RACY =
ccu c TP+FP+TN+FN ©)

PRECISION

ters. Although model parameter estimation can solve noise
data to a certain extent, it also has complex computational

RECALL = TP (11) _complgxity; Noise mpdelling Noise model is the focus of_
TP+ FN industrial research in recent years, because the collection

. . of actual data is accompanied by the production of a large
whereT P is the value assigned to the class corredli?, number of noise datss[ 28, 30]. Following that, we se-

Is the value assigned to the class incorrectly, Em. Is the lected several representative algorithms for uncertain label
value that should belong to that class but not assigned to “Frocessing. The idea of Robust Mixture Discriminant Anal-

" . :
CIaSTI' IP tadq['t'or.“’: di n:easurc;:omk}mets ﬂlﬁ accura<|:|y anfd ysis (RMDA) [6] is to use the supervised information carried
recall ot the two Indicators and evaluates the overall per O_rby the learning data label to assist the modeling of the un-

mance of the classi er. The most commonly used one ISsupervised information of the data. This method can build

arobust classi er based on the detected label inconsistency.
Rank Pruning (RP)Z8] obtained consistent noise estimates
and equivalent expected risks in learning with undamaged
tags under ideal conditions and closed solutions under non-
. I . o . . ideal conditions. Probabilistic method (PA)] is a super-
_Uncertaln Iabe_llng IS a pain pom_t in the industrial eld, vised learning probabilistic framework with multiple anno-

which h"?‘S agrea_t Impact on data-dnven_models. !n the el ators providing labels, but no absolute gold standard. PA
of machine learning, there are three main strategies for IorQferatively establishes a speci ¢ gold standard under which

cessing uncertain labels: cleaning the data, usipg robust eStfe annotator performance is measured and then the annota-
mations of model parameters and nally modelling the Iabeltor performance is improved. But, there are two strong as-

noise B, 19]. Data cleaning methods The removal of data sumptions that underlie PA. These three methods (RMDA,

noise can be understood as errors or data deviations froraA’ RP) adopt the idea of eliminating uncertain tags. If the

the expected value in the data, that is, the deviation or errof . - .+ ¢ 4ata is insu cient. the ability of these three algo-
of the measured value relative to the real value in the Me&thms is limited '

surement proces84, 7]. However, removing noise samples
can reduce the classi cation bias, but it will also increase
the classi cation variance. Because the cleaned data set is

F * measurewhich is de ned as12).

PERCISION <RECALL
* = <
F* Measure=2 < 5ep S ISION + RECALL. 2

Yun Yang et al.: Preprint submitted to Elsevier Page 7 of 15



Short Title of the Article

Table 1 datasets is shown in Table I. The benchmark datasets con-
Summary of Parameter Setting sist of 13 baseline datasets collected from the UCI database.
Parameter _SVM _ Our approach Table2 range in size from 106 to 245,057 instances and in di-
GAMMA D) same mension from 3 to more than 241 features. Since the bench-
C 1 same mark datasets are originally composed of the training set and
DEGREE 3 same the test set of the classi cation task, in order to facilitate us
MAX ITER 1 same to divide the training set and the test set in the simulation

experiment, we combine the two sets into a whole.

Initially, we compare our approach with three classi ca-
4.1. Experiments with Synthetic Datasets tion approaches, including RP, PA and RMDA. Since there is

In order to facilitate the understanding how our ap-no common implementation code available for the base clas-
proach works, we design a synthetic data set of two classesj cation methods, we implement these methods through
named noisYONE-S where two fundamental classi cation Python simulations and report average simulation results for
approaches hold. The training set shown in Fi@) con-  a fair comparison with our methods. In terms of experimen-
sists of 600 labeled examples marked wiiangle andcir- tal parameter setting, these methods adopt Linear Discrim-
cular. As depicted in Fi@ (a), this data set contains one inant Analysis (LDA) [L6] classi er, and the parameter set-
structures separated by a low data density region. For conting is the default parameter of the LDA algorithm in the
parison purposes, we apply SVM (kernel is RBF) algorithmSKLEARNpackage.
on the whole data set. In other words, our approach applies Table3 shows the mean and standard deviation of classi-
SVM as a base learner on the original data set. For SVM anctation accuracy of all datasets with 0.3 nosiy rate, respec-
our approach, parameter settings are shown in Thble tively. Tabel Il shows that our approach performs highly

In the rst experiment, we verify on the synthetic data competitive with RP. Speci cally, RP signi cantly outper-
set, our approach (base learner is SVM, kernel of RBF funcforms LDA on 4 of the 13 cases; while HCM&LDA signif-
tion) and SVM (kernel of RBF function). As shownin Fg. icantly outperforms LDA on 11 cases. Comparing PA al-
(a), the noisy rate is 0. Compared with B3 (a) and Figl1  gorithm with LDA algorithm, PA wins 9 of 13 case,while
(a), the two algorithms are the same in accuracy, but our aHCM&LDA wins 3 more times than the PA algorithm.
gorithm consumes a little more time. With the addition of Meanwhile, we can see that RMDA wins 8 of the 13 cases
more and more noise(Fig(a)-Fig9 (d)), the performance compared with LDA algorithm, while our algorithm also
of our algorithm (Figl1 (a)-Figl1l (d)) is very stable, the wins 11 of the 13 cases compared with LDA algorithm.
classi cation accuracy is only from 99% to 96%, reduced by  Table3 shows the highly competitive performance of RP,
3%. However, the classi cation accuracy of SVM algorithm PA and RMDA compared with HCM&LDA. Speci cally, in
is reduced from 99% to 65%(Fdg3(a)-Fig3.3(d)), which  terms of wins HCM&LDA outperforms RP approach on 92
is reduced by 30%. As shown in F3g3(d) and Figl1 (d), percent (12/13) of the cases; And HCM&LDA outperforms
the time cost of our algorithm is not only higher than thatRMDA on 70 percent (9/13) of the case; While HCM&LDA
of SVM algorithm, but the classi cation accuracy of our outperfroms PA on 77 percent (10/13), respectively. Table
algorithm is 99 percent, and the classi cation accuracy ofll also shows that the performance of our approach may vary
SVM algorithm is 65 percent which is 30 percent higher thanwhen di erent classi cation algorithms are used as the com-
that of SVM algorithm. Compare the performance of ourbining function. In the experiment, we selected four di er-
method and SVM under di erent uncertain performance ra-ent classi ers as the basic classi ers, including LDA, CART,
tios. Compare the performance of our method and the SVMKNN and SVM. Speci cally, HCM&LDA is signi cantly
on theONE-Ssimulation data set with di erent uncertain la- superior to LDA in 11 out of 13 patients; HCM&CART sig-
bel ratios. As expected, our method and SVM give a similami cantly outperforms LDA on 9 of the 13 cases; HCM&K
decision boundary without label noise. This experimentalNN was signi cantly superior to LDA in 11 out of 13
result con rms that there is a hidden relationship betweencases HCM&SVM signi cantly outperforms LDA on 13 of
the two methods. With the increase in the ratio of uncertairthe 13 cases; Among these four di erent basic classi ca-
labels, the decision boundary displayed by the support vectdions, the average classi cation accuracy demonstrates that
machine is very unstable, and our method shows good clasVM has better average performance than other candidates.
si cation results, with stable decision boundary and goodHCM&LDA, HCM&CART, HCM&SVM, HCM&KNN are
performance, which proves the robustness of our algorithmmore accurate than the others. The main reason is that our
Meanwhile, our algorithm has certain error correction abil-algorithm adopts a kind of error correction mechanismin un-
ity, which is another reason why our algorithm is better thancertain label problem. As a result, we can conclude that the

SVM. selection of classi cation algorithm essentially determines
_ _ the performance of the proposed methods. Finally,1ig.
4.2. Experiments with Benchmark Datasets shows the CPU time of the RP, PA, RMDA, and our meth-

In the rst stage of the simulation experiment, the gen-ods (HCM&LDA) on the UCI datasets. In general, RP is al-
eral classi cation task is used to evaluate the classi ca-ways faster than other methods, and PA is always the slowest.
tion performance of the proposed method. Our benchmarkiowever, the CPU time of running our approach is relatively
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Table 2
Benchmark Datasets Information

No Datasets Attributes Instances
Positive  Negative  Total
1 Australian 14 307 382 689
2 bupa 6 144 200 344
3 cleve 13 136 160 296
4 heart 13 150 120 270
5 appendicitis 7 21 85 106
6 Housevotes 16 123 109 232
7 SkinNonSkin 3 50859 194198 245057
8  mammographic 5 403 427 830
9 Heartstatlog 13 120 150 270
10 Digitall 241 734 766 1500
11 tic-tac-toe 9 625 333 958
12 SPECT 22 110 153 267
13 diabetes 8 268 500 768

Table 3

Mean and standard deviation (%) of 10-fold cross-validation error at 5% of labeled daté. y Indicates whether classi cation
is statistically superior/ inferior to the compared method (Decision Tree).Win/ Tie/ Loss denotes the number of datasets
where classi cation is signi cantly superior/ equal/ inferior to the compared algorithms

Our Approach

HCM&LDA  HCM&CART HCM&KNN HCM&SVM
Australian 73.88 3.94 79.0%5.430 76.784.370  72.28t 4.05y 78.03:3.610 71.12t591ly 78.61+3.370 82.44+ 3.870

Datasets LDA RP PA RMDA

bupa 55.1}%6.82 55.8@ 4.15 62.83% 7.220 52.31+ 7.3% 60.17+3.970 63.18:7.390 54.33:t8.68y 57.54+ 9.340
cleve 60.42 4.50 62527980 68.47:8.480 64.41+5770 71.1%4.290 71.755710 74.58:2.840 74.58t 4.550
heart 70.23:7.08 69.12 7.94y 72.82:8.420  70.62+6.81 78.4%6.080 72.11+4.020 78.0745.140 78.42+6.650

appendicitis 75.38 10.04 58.0% 16.03y 73.05:11.26y 70.48:10.63 86.32:7.070 87.1910.0600 89.19:9.070 90.01+ 7.090
housevotes 76.5¥ 6.45 65.84r 6.18y 75.77+ 4.10y 84.84t8.260 85.27+9.870 81.78:13.040 88.75:9.040 90.49 6.060
SkinNonSkin 76.868.43 64.13% 10.0% 76.92+8.51 88.6k5.770 88.82:6.740 88.51+7.090 89.91+4.500 90.31*4.060
mammographic ~ 66.5% 5.02 69.324.680 70.72£4.390 67.2263.330 79.353.450 74.96:7.830 74.78:4.220 77.32t2.450
Heartstatlog 70.9%3.96 66.16:10.2%  75.84:3.520 66.55 5.02%y 79.55:3.010 69.925.55y  77.69:4.220 79.17+ 3.180

Digitall 86.86t1.71 86.0611.46 70.1Z21.46y 90.33:1.020 90.46:1.810 75.19+7.37y 88.59:4.550 88.66t 3.940
tic-tac-toe 4397+ 19.06 458& 17.660 46.57+21.58D) 46.86t22.930 53.71+14.970 52.15:17.460 53.93:16.30 54.23t 12.770
SPECT 5299753 49571247 58.28:4.730 58.26t13.050 51.84t1543 5526:3.740 54.13t8.430 57.91+ 12.080
diabetes 58.58 7.52  56.7%9.28)  64.84t5.190 60.55t4.340 58.84t10.85y 55.46t9.58y 56.11+9.65y 60.91+ 10.360
Win/Tie/Loss Against LDA 41217 9/1/3 8/1/4 11/0/2 9/0/4 11/0/2 13/0/0

similar to the RMDA at the middle level of all compared ap- rithm. When the noise increases from 30% to 50%, the error
proaches. correction e ect is particularly obvious. Finally, we studied
Fig.13shows the performance of RP, PA RMDA and our the running time of our algorithm (HCM&LDA) and com-
approach (HCM&LDA) under di erent ratio of noise data. parison algorithms (RP, PA, and RMDA) on UCI datasets.
What can be seen from Fijis highly competitive with RP,  This experiment was done by performing the settings on a
PA, RMDA and HCM&LDA for each ratio of noise data PC running 32 GB of RAM and Windows 10, 4.0GHz In-
(random extend data with uncertain labels). From Hg. ter(R) Core(TM) i9-9990XE. Fid.2 shows the CPU time
(8),13 (c), 13 (e), 13 (f) and 13 (g), it can be clearly seen of RP, PA, RMDA and our approach (HCM&LDA) on UCI
that with the continuous increase of the noise, the classidatasets. In general, RP is always faster than other methods,
cation accuracy of our algorithm is better than the otherand PA is always the slowest one. However, the CPU time to
three algorithms. From Fi@3 (b), 13 (d) and13 (h), when  run our method is relatively similar to the intermediate level
the noise rate is between 0 and 30%, the classi cation acclRMDA of all the compared methods.
racy of our algorithm is basically the same as that of RP and In short, we can get from the Tablz and Fig. 13,
PA. However, when the noise reaches 40%, our algorithnour method usually has higher mean value and lower stan-
is obviously better than the other three algorithms. This isdard deviation of classi cation accuracy than other meth-
because there is an error correction mechanism in our algads, which fully proves that our method has good accuracy
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gories of the bridge data are very unbalanced. As shown in
I =5 Table5 above, the dataset contains 1640 bridges with a total
e} E_JrcusLon of 64 attributes, including 1320 instancesTyfpe-1bridge

14f 1 and 320 cases diype-2bridge.

o

1 4.3.2. Bridge Health Evaluation Model Based on
08 B HCM
er ] We use th®©PENPYXLpackage to convert unstructured
o ] data into structured data. As shown in Big.in practice,
| the axial data we collected is unbalanced. In the coaxial sys-
peat houserotes digtal clove et stlog tem we developed, the SMOTE method is used to solve the
problem of unbalanced encoding data distribution and used
to construct balanced bridge dataset, as shown inLE&ig.
The rst type of bridge data points is represented by red
points, and the second type of bridge data points is repre-
sented by green points. In order to show the balance e ect
and stability. This is because our proposed method can eff the SMOTE method, We chose the two most important

fectively select the most reliable uncertain label data to im2ttributes to display. Then, a feature selection method based

prove the learning output. As a matter of fact, our approactP Paired constraints is used to perform feature selection on
provides a general framework to solve uncertain label problhe axial data and select high-impact attributes (or variables)

lem, where any conventional classi cation algorithms cant™!

be used as the nal stage. The two classi cation algorithms 1N order to evaluate the performance of our method, we
are just used for demonstration purposes. compare our method (HCM&LDA) with the three methods

of RP, PA and RMDA. The above methods follow the same

4.3. Application to Bridge Health Evaluation experimental protocol in the simulation. In order to fully
System evaluate the e ectiveness of our algorithm and system, we

At present, we have successfully developed the bridgéelected a variety of evaluation criteria, includilgcuracy

maintenance management platform, and successfully agiecall PrecisionandF-measure The basic algorithms of
plied our algorithm to the platform. The bridge health evalu-these four algorithms are all LDA algorithms. We run each
ation and decision system is mainly a GIS-based bridge er"ethod ten times and report the average of the categories
gineering data information query system, which solves théAccuracy F'-me'asu're Ref:alland Preuspnwﬂh the stan-
visualization management of maintenance data based on ggard deviation in Fig.6-Fig.19, the black line represent the
ographical rules and can check the information of BridgesStandard deviation.It can be seen Fhat our method achieves
flhe best performance compared with other methods. It can

tunnels and other important structures of each highway a . X
any time. also be explained that our method not only achieves excel-

In the bridge health assessment system, sensor equi nt classi cationAccuracy F-measure Recall Precision
ment can be used to collect a large amount of bridge datUt also the robustness in a real word application. Mean-
laying a solid foundation for the data-driven decision supportVhilé, the standard deviation of HCM&LDA algorithm is

function. The above-mentioned decision support systen@Pviously smaller than that of other algorithms, which also
learns bridge knowledge from the collected data and simut€ €cts that HCM&LDA algorithm has a good stability in

lates the decision of experts to provide reliable bridge mant€ bridge data set.We also compared the computational ef-
agement and protection methods. According toGbee for ciency of various methods. Fig0 shows the CPU time
of RP, PA, RMDA and our method (HCM&LDA) on the

Inspection and Test of Highway Bridges and Culventsl . .
Code for Evaluation of Highway Bridges and Culvertise bridged dataset. The results showed that the preprocessing

threshold values of the bridge health evaluation indicator®0cess takes more time than the learning process. In all
were obtained. Speci ¢ bridge health evaluation grades ar§0MParison methods, the CPU time to run our method s rel-

shown in Tabled. In practice, the third, fourth, and fth atively similar to RMDA. ) .
types of bridges are almost non-existent. Next, in order to evaluation the classi cation accuracy

of our model under di erent ratios of noise, we set data
4.3.1. Bridge Data with di erent ratios of noise of 10%, 30% and 50%. We

The bridge health evaluation data established in this patUn the experiment ten times and report the average
per came from a bridge company in Kunming, China. Therecuracy and AUC with the standard deviation. To evalu-
are a lot of uncertain label data in the original data, anction the classi cation performance on the dierent rate
the data structure is very complex. According to the bridgeof noise bridge dataset, we again compare HCM&LDA,
maintenance standards, the bridge is divided into ve ley-HCM&SVM, HCM
els, but in the actual collection of bridge data there are only*CART, HCM&KNN with various approaches, including
Type_lbridge andType_Zbridge_ Moreover, the two cate- RP, PA and RMDA, the above methods follow the same ex-

CPU Time(s)

Figure 12: Cpu time (in seconds) of RP, PA, RMDA and
HCM&LDA on UCI datasets
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Figure 13: Performance of RP, PA, RMDA and HC&LDA for increasing contamination rates on the UCI datasets
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Table 4
Bridge Health Evaluation Grade

Technical status rating Description of bridge technical status
Type-1 Brand new state; Functions in good condition
Type-2 Slight damage; Use function has no e ect
Type-3 Secondary damage; Normal operation
Type-4 The bridge function will be seriously a ected
Type-5 Out of order

Table 5
Bridge Data Set Information

Datasets  Attribute Instance

Type-1  Type-2  Total

Bridge data 64 1320 320 1640
Figure 15: The precision of bridge data set for four di erent
algorithms
Table 7
Accuracy and AUC of Bridge Data Set for Seven Di erent
Algorithms and the Noise Ratio is 30%
Algorithm Accuracy AUC
Figure 14: The data distribution of bridge data set with class RP 50.6910.803  53.16:4.62
imbalance PA 55.48:5.71 53.92 15.94
RMDA 64.70+ 18.02 50.6& 6.77
HCM&LDA  77.561+ 14.60 65.2& 16.35
Table 6 HCM&CART  64.80+ 10.37 52.1& 18.05
Accuracy and AUC of Bridge Data Set for Seven Di erent HCM&KNN 78.52+ 8.90 50.6& 7.64
Algorithms and the Noise Ratio is 10% HCM&SVM 80.44+ 9.72 57.7% 10.73
Algorithm Accuracy AUC
RP 68.38:6.82 60.322 15.87
PA 7271+ 7.03 59.3% 9.80 and AUC, but also has good robustness in practical appli-
RMDA 85.18+2.71  49.38 2.98 cation. Meanwhile, the standard deviation of HCM&SVM
HCM&LDA  81.37+8.78  62.8G:8.47 algorithm is obviously smaller than that of other algorithms,
HCM&CART 82.81+7.39 58.1&7.71 which also re ects that HCM&SVM algorithm has a good
HCM&KNN  83.78+9.98  69.34£ 9.49 stability in the bridge data set. The experimental results also
HCM&SVM  86.69+7.05  61.729.80 show that the standard deviation of our algorithm is rela-

tively small, and it can be analyzed that our algorithm has
certain robustness.

) . . ) The results of RP, PA and RMDA are not ideal, rst of
perimental protocol in the simulation. We report the averagey| pecause the bridge data is not enough. In the absence of
of the classi cation accuracy and AUC with the standard de-gamples, we adopt a hybrid model to increase the diversity of
viation in Table6, 7 and8. As you can see, our method still_ 55 ers, which is conducive to improving the generaliza-
has the best performance of all the methods compared. Thgy, apjlity of the initial classi er. Secondly, our algorithm

results show that our method not only has good accuracyag error correction mechanism. We select the two models

Yun Yang et al.: Preprint submitted to Elsevier Page 12 of 15
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Figure 16: The accuracy of bridge data Set for four di erent
algorithms

Figure 17: The precision of bridge data set for four di erent
algorithms

Figure 18: The recall of bridge data set for four di erent al-
gorithms

Figure 19: The F-measure of bridge data set for four di erent
algorithms

Table 8
Accuracy and AUC of Bridge Data Set for Seven Di erent
Algorithms and the Noise Ratio is 50%

Algorithm Accuracy AUC
RP 53.1247.96 47.7%7.95
PA 53.74£ 17.27 58.1410.36

RMDA 45.77+21.01 49.9%8.32
HCM&LDA  63.74+10.02 52.2(3:11.42
HCM&CART 57.13+11.71 51.64 14.23
HCM&KNN  75.54+10.78 59.5@ 8.66
HCM&SVM 77.58+9.17 59.9% 8.65

Figure 20: CPU Time (in seconds) of RP, PA, RMDA and
HCM&LDA on bridge data set

of clustering (unsupervised) and classi cation (supervised),
and determine its nal label by calculating consistency. At
the same time, the samples of uncertain labels also partici-
pate in the training of the model, which expands the sample
set and improves the generalization ability of the classi er.

5. Conclusion and Discussion

In this paper, we propose a hybrid model classi cation
method called robust hybrid classi cation model (HCM),
which is used for classi cation in the presence of uncertain
label. According to our latest research ndings, studies on
uncertain labels are relatively rare, and this article has to
some extent supplemented the research content in the eld
of uncertain labels. Experimental studies have shown that
when uncertain label rate is low, HCM is as e ective as fully
supervised technology, and even in complex and real situa-
tions, HCM is very robust to uncertain labels. In particular,
HCM seems to be more robust than existing methods. At
the same time, we propose a hybrid classi cation model for
a robust bridge health assessment system. Its main design
purpose is to solve the uncertain labeling problem that ap-
pears in most collected data sets. Our method adopts a hy-
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brid model, which can make the label prediction more reli-References

able, thereby signi cantly improving the performance of the
supervised learning process. A large number of experimen-
tal results show that, compared with the related algorithms
(RP, PA and RMDA), our method is very competitive in the
benchmark data set and the actual bridge data set collected
from the road bridge company. In future, we will further
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