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Abstract. To assess structural condition in a non-destructive manner, computer vision-based structural health monitoring
(SHM) has become a focus. Compared to traditional contact-type sensors, the advantages of computer vision-based
measurement systems include lower installation costs and broader measurement areas. In this study, we propose a novel
computer vision-based vibration measurement and coarse-to-fine damage assessment method for truss bridges. First, a deep
learning model FairMOT is introduced to track the regions of interest (ROIs) that include joints to enhance the automation
performance compared with traditional target tracking algorithms. To calculate the displacement of the tracked ROIs accurately,
a normalized cross-correlation method is adopted to fine-tune the offset, while the Harris corner matching is utilized to correct
the vibration displacement errors caused by the non-parallel between the truss plane and the image plane. Then, based on the
advantages of the stochastic damage locating vector (SDLV) and Bayesian inference-based stochastic model updating (BI-
SMU), they are combined to achieve the coarse-to-fine localization of the truss bridge’s damaged elements. Finally, the severity
quantification of the damaged components is performed by the BI-SMU. The experiment results show that the proposed method
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can accurately recognize the vibration displacement and evaluate the structural damage.
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1. Introduction

Damage localization and severity quantification of civil
infrastructure are critical issues in structural health
monitoring (SHM) (Ni et al. 2015, Sun et al. 2020,
Bernagozzi et al. 2021, Lei et al. 2021). Researchers have
proposed sophisticated and dependable methods for
structural damage detection (Bakhtiari-Nejad et al. 2005,
He et al. 2022, Mousavi et al. 2022, Wang et al. 2022a). For
example, Bernal (2002) proposed a damage locating vector
(DLV) method that extracts a force vector from the null
space of the flexibility matrix difference for damage
localization. Moreover, DLV-based damage detection
methods have indicated their feasibility through various
paradigms (Gao et al. 2007, Feng and Feng 2017, Frans et
al. 2017). Due to expensive input excitations that are
difficult to implement in practical situations, structural
damage detection methods using output-only measurements
have been proposed in recent years (Nagarajaiah and Basu
2009, Feng and Feng 2016, Bernagozzi et al. 2018). For
example, a stochastic DLV (SDLV) method was proposed to
make up for the deficiency of the DLV method (Bernal
2006). A surrogate flexibility matrix was established based
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on the output-only measurements under ambient excitations
for damage detection (An et al. 2014). However, these
methods are difficult to account for measurement noise and
quantify uncertainty in identification. Meanwhile, Bayesian
inference in the probabilistic context has also been widely
adopted for localizing structural damage and assessing
structural health (Figueiredo ef al. 2014, Kim et al. 2015,
Uzun et al. 2019, Eltouny and Liang 2021, Wang et al.
2021a). For instance, a sparse Bayesian model updating
framework was proposed by Wang et al. (2021a) for
structural damage detection, and its feasibility was verified
through laboratory test. However, the efficiency of damage
detection would be seriously affected when parameterized
structural models are required for Bayesian methods to
predict structural modal characteristics. In view of this,
Bayesian probabilistic frameworks free of structural models
have recently been proposed for structural damage
detection (Wang et al. 2018, 2021b, 2022c, Ni et al. 2020,
Ni and Zhang 2021).

Computer vision (CV) techniques have been
increasingly adopted in SHM to capture the vibration
motion of civil structures due to their high cost-
effectiveness and ease of implementation (Ye ef al. 2016,
Khuc and Catbas 2017, Xu et al. 2018, Ngeljaratan and
Moustafa 2020, Wang et al. 2022b). Furthermore, unlike
traditional contact-type sensors, CV-based measurements
add no mass to the target structure, which leads to no
change in the dynamic properties of the target structure (Ni
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et al. 2019). Therefore, CV-based measurements have the
potential to replace the existing contact-type sensors in
SHM (Ye et al. 2013, Xu et al. 2018, Liang 2019, Erdogan
and Ada 2020). However, the relevant research is still at an
early stage and faces some challenges (Spencer ef al. 2019,
Dong and Catbas 2021).

For example, most of the CV-based methods adopt the
traditional optical flow tracking algorithm based on target
matching. There are two issues in practical applications of
this method: (i) The tracked target needs to be manually
selected in the first frame of a video, which largely restricts
the automation of implementation, and the manual selection
is subjective and operator-dependent, which directly affects
the tracking accuracy; (ii) The background information of
the target is not considered, and the target tracking task
might fail when the target is partially occluded or light
changes and blurred motion happen. As a result, practical
applications of SHM using CV-based displacement
measurements are still limited (Cha et al. 2017, Feng and
Feng 2017, Xu 2020).

Given the above, this study proposes a CV-based three-
step structural damage detection method for a truss bridge,
including  displacement measurement, coarse-to-fine
damage localization, and damage severity quantification, as
shown in Fig. 1. The main contribution of this paper is
threefold. First, the deep learning-based FairMOT target
tracking model (Zhang et al. 2021) is introduced to replace
the traditional target tracking method used in SHM to
achieve the displacement measurement of structural
vibration. Second, by leveraging the advantages of the
SDLV (Bernal 2006) and the Bayesian inference-based
stochastic model updating (BI-SMU) (Wan and Ren 2016),
the two methods are combined to achieve -effective
localization and accurate assessment of structural damage.
Lastly, the BI-SMU is extended for damage severity
quantification.

The rest of this paper is organized as follows. The
proposed method is described in detail in Section II. In
Section III, verification experiments are conducted. Section
IV summarizes and concludes the research work.

2. Methodology
2.1 Target tracking for displacement measurement
To measure the structural vibration of the truss bridge of

concern accurately, the ROIs of the structure should be
properly detected and tracked first. Then, the displacement

ROIs tracking

Displacement
calculation

Determination of suspected
damage components

Precise damage
localization

of the tracked ROIs relative to the initial frame will be
calculated. In recognizing the aforementioned shortcomings
of the traditional target tracking algorithm in application to
SHM, a deep learning (DL)-based target tracking method is
adopted in this study to achieve better performance.

There are mainly two kinds of DL-based multi-object
tracking (MOT) algorithms at present: the first kind is the
two-step MOT (Fang et al. 2018, Mahmoudi et al. 2019),
which successively uses a detection model to extract the
bounding box position of the target, and then adopts an
association model to extract the re-identification (Re-ID)
features in each bounding box and links the Re-ID features
to one of the existing tracking bounding boxes based on
specific metrics defined by those features. The advantage of
this kind of methods is that it can build the optimal model
for each task; but because the features are not shared
between tasks, it cannot meet the performance requirements
of real-time inferencing. The second kind is the single-step
MOT (Voigtlaender et al. 2019, Wang et al. 2020), which
performs feature extraction at the same time as object
detection. The core idea is to complete object detection and
Re-ID embedding in a single network so as to share most of
the computation to reduce inference time. However, Zhang
et al. (2021) found that such methods suffer from the
incorrect target ID association. Specifically, this kind of
methods uses anchor-based object detection. The Re-ID
feature of the object is extracted in the anchor area, and the
anchor and object areas might misalign, which will lead to
serious ambiguity during network training. To tackle this
problem, Zhang et al. (2021) proposed the FairMOT
network. First, the MOT problem is treated as pixel-level
key point (target center) estimation and ID classification
problem. By adopting the anchor-free object detection
method, the target center is estimated on the high-resolution
feature map, eliminating the ambiguity problem caused by
the anchor-based object detection. Then, deep layer
aggregation (DLA) is applied to enhance the backbone
feature extraction network ResNet-34 (He et al. 2016), so as
to integrate the information of multiple feature layers of
different scales and improve the ability of the network to
deal with the change of object scale. The model achieves
state-of-the-art performance on publicly available object
tracking datasets. In view of the advantages of this model, it
is selected as the target tracking algorithm in lieu of the
traditional target tracking algorithm.

2.1.1 ROls tracking
As shown in Fig. 2, FairMOT consists of three modules:
encoder-decoder, detection, and Re-ID.
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Fig. 1 Flowchart of the proposed method
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Fig. 2 Schematic diagram of the network structure of the FairMOT tracking model

The function of the encoder-decoder module is to
extract the feature of each frame of the acquired
video. Here, the variant DLA-34 (Zhou et al. 2020)
of the ResNet (He ef al. 2016) is adopted as the
backbone network of the module, and the network
structure is shown in Fig. 2. The DLA-34 model
introduces DLA to fuse multi-layer features on the
basis of ResNet-34. By adding more skip
connections between low-level and high-level
features and using the deformable convolution
network (DCN) (Dai et al. 2017) to replace all
Upsampling modules, the receptive field is
dynamically adjusted according to the scale and pose
of the object. The above treatments can well improve
the anchor alignment problem. All relevant
dimension information of the input, output, and the
intermediate feature map are listed in Fig. 2.
The function of the detection module is to detect the
target, which comprises three parallel head networks,
including a heatmap head, a box size head, and a
center offset head.
The heatmap head network is built to estimate the
position of the target center. The target center of each
ground truth box b* = (xi,y!,x%,y}) in the current
b +ak yi+yi
2
The heatmap response at the location (x,y) is
(-2h) %+ (y-25)?
202

frame is calculated as c; = and ¢y =

represented as My, = yN  exp where
N is the number of targets in the frame and o
denotes the standard deviation. (Ex, 6y) =

i i
(I%J,l%yj)represents the location on the feature

map, L J is the floor function. The loss function is

expressed as pixel-wise logistic regression with a
focal loss

Lheat =

3)

4)

lZ{ 1- Mxy)a loy(Mxy) Myy =1; 0
N & a- Mxy)ﬁ(Mxy)“ log(1— M,,) otherwise;

where M is the estimated heatmap, a and 8 are
the pre-determined parameters in a focal loss.

The box size head and center offset head are
constructed to localize the target’s position more
accurately. The offset and box size are defined as

il i i
i—(x & x| &> . i — (ol i ad
o =(52)-(EL[3]) ¢+ s =cdoxdot-

y1), and the box loss is determined as follows

N
Liox = Y [lo = 81, + Z4[ls* = 87, @)
i=1

where A is a weighting parameter and set as 0.1, 0
and § are the estimated values.

The Re-ID module is created to classify the target
through learning Re-ID features. The Re-ID feature
of the center location (éx, Ey) of each object on the
heatmap is extracted and then put into a fully
connected layer and a softmax layer to get a class
distribution vector P = {p(k),k € [1,K]}. The Re-
ID loss is defined as follows

K
D L) log(p(k) 3)

k=1

Lidentity = Z

N
=1
where Li(k) is the one-hot representation of the
ground truth class label, K is the number of all the
identities in the training data.

The detection and Re-ID losses are then combined to
train the network (refer to Zhang et al. (2021) on the
details). An example of the joints tracked by the
FairMOT is shown in Fig. 3.

“

Ldetection = Lheat + Lbox
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(a) Parallel case

(b) Non-parallel case

Fig. 3 An example of the joints tracked by the FairMOT

(a) Matched points

(b) Recovered image

Fig. 4 An example of recovering the non-parallel image

1 1 1
Ltotal = E (eTl Ldetection + ETZ Lidentity +w; + WZ) (5)

where w; and w, are learnable parameters that
balance the two tasks.

2.1.2 Displacement calculation

From Fig. 3, it can be seen that the calculated center
offsets cannot be as the displacement of targets because the
objective of the FairMOT model is to detect and track the
whole of the target rather than its center position. Therefore,
a high-precision displacement measurement method based
on template matching is proposed to detect the
displacement. The implementation procedures are as
follows.

1) Firstly, all the targets detected in each video’s first
frame (called as tFrame) are used as the initial
targets. Starting from the second frame, all the
targets tracked in the current frame (called as
cFrame) are the dynamic targets; and by matching
them with their corresponding initial targets, their
displacements are calculated. The normalized cross-
correlation is used to assess the degree of match or
similarity. Before that, to enhance the accuracy, the
detected and tracked regions are resized to a larger
scale. The formula for match and similarity check is
as follows

L ny[f(x' y) - fu,v] [t(x -—uy- 17) - f]
sim = 55 (6)

{Zx,y[f(xr y) - fu,v]z Zx,y[t(x -—uy- V) - E]Z}

where f is the image region of the tracked target, ¢
is the mean of the template, f,, is the mean of
f(x,y) in the region under the template.

In addition, to ensure that the tracked region can contain
the initial targets, the scope of the tracked box (xi —
a,yi —a, x5+ b,y} +b) is expanded. Here, a and b are
set as 20 and 80 pixels, respectively.

2) Secondly, two scale adjustments under the above
steps are performed to balance the detection speed
and accuracy. The first resize coefficient is set to 16,
and the second is expanded four times based on the
former.

3) Thirdly, correction is required because it is uncertain
whether the camera plane of each video is parallel to
the truss plane. To this end, a fast and efficient
pairing correction method is proposed based on
corner matching. And the calculation process and
results are shown below. First, a frame without
translation transformation is treated as the standard
frame sFrame. Then, the feature points in the video’s
first frame ¢Frame and in the standard frame are
detected and matched using the Harris corner feature
extraction method. After that, the transformation
matrix 7 is obtained using the spatial relationship of
the paired points. Lastly, the detection result of each
video is multiplied by the transformation matrix to
get accurate displacement information.

Harris(sFrame, ROI}),

Harris(tFrame, ROI}) ) @

(SP()inti; dPointi) = Match (
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T = Transform(spointi, dPointi) (8)
(ROIf_ ,ROIf__ )= (ROI,,ROIf) T )

4) Finally, according to the scale factor px2m of
pixels and physical coordinates, the actual offset
value is calculated as follows

disp2D = (center(ROI{ ) — center(ROI{ ) (10)
-px2m

2.2 SDLV for coarse damage localization

A coarse-to-fine damage localization method is
proposed. The process of coarse damage localization is as
follows: First, the stochastic subspace identification (SSI) is
used to extract modal frequency and mode shape
information, then calculate the system and observation
matrices from the state-space model. Then, the SDLV
algorithm is adopted to deal with the system and
observation matrices and roughly locate the damage
location. The implementation procedures are described
below.

2.2.1 SSI

The SSI method is adopted for modal identification
using CV-based displacement measurements. It consists of
four steps: building the Hankel matrix, calculating the
Toeplitz  matrix, conducting the singular value
decomposition (SVD) on the Toeplitz matrix, and forming
the system and observation matrices. The Hankel matrix H
is firstly established based on the discrete-time output
vector yr. The Hankel matrix can be expressed as follows

Yo Y1 = Yj-1
Yi Y2 o Vi
1) yier oy Yirj—2 | _|Yp
H_ﬁ Vi Yit1 Yivj-1 |~ 7f (an
YVitr  VYit2 Vitj
1 Y2i-1 Y2i Yaitj—2.

where Y, is the Hankel past matrix and Yy is the Hankel
future matrix. The Toeplitz matrix Ty,; can be calculated as

follows
Tl/i = Y}'YpT (12)

SVD is then performed on the Toeplitz matrix T,
which can be expressed as

Vr, 0\(Dr
Tyi=6n S0 0)<D;>=ST1VTID£ (13)
T;

With the SVD results, the following two matrices (0;
and [}) are defined

0; =S, V/? (14)

I =V’ D}, (15)

After obtaining O; and I;, the continuous system
matrix A and the continuous observation matrix C can be
calculated as follows

A= OiTTz/HlITr (16)
C=0;1:1:) a7

where [ is the number of observation points, and (0)f
stands for the pseudo-inverse of a matrix. T,/ is the
shifted block Toeplitz matrix. After conducting eigenvalue
decomposition on the matrix A, we can acquire the discrete
system matrix A, and observation matrix C.

2.2.2 SDLV

The discrete system and observation matrices obtained
from the previous step are then used for coarse damage
localization. The SDLV approach is introduced to acquire a
group of load vectors causing zero-stress fields over the
damaged regions on the truss bridge. The group of the load
vectors is generated from the effective null space of the
change in the matrix AQT. Firstly, Q is given by

Q = —C.AZ'HIL (18)

where C. € R™V is the observation matrix and A, €
RN*N g the system matrix with m being the number of

inputs. Hi is the pseudoinverse of Hp. Hp € R*™Nand
L € R?™ ™ gare further given by

= (9

()

Let AQTrepresent the change in the matrix QT due to
structural damage, which is given by

and

40" = Qi — Q4 2y

where the subscripts u and d denote the undamaged
status and the damaged status, respectively. To obtain the
damage locating vectors, SVD is conducted on the matrix
AQT, which results in

AQT = USVT = (U; Uy) <f)1 Soi 0) G;;) (22)

where U and V are unitary matrices. With Eq. (22), we can
obtain

S; 0
@QTVy 4QTVy)~ (U Up)((F )= (UiS: 0) 23)
From the above, it can be found that

AQTV, = 0 (24)
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When the load vector V, is applied to the undamaged
and damaged structure simultaneously, the structural
displacement induced by V, remains the same. It also
implies that a zero-stress field should appear on the
damaged elements when a load vector V; is applied to the
undamaged structure.

2.3 BI-SMU for fine damage localization and
severity quantification

After the suspected damage locations are determined
based on the coarse damage localization results, the precise
damage localization and severity quantification strategy is
adopted to identify the damage location better and quantify
the damage severity. First, a Gaussian Process-based
metamodel (GPM) is established, which is used to map the
relationship between the material properties of the
suspected damage elements and the structural frequency
reductions caused by the structure damage. Next, the BI-
SMU method (Wan and Ren 2016) is incorporated for fine
damage localization and severity quantification. The
implementation procedures are briefed below.

2.3.1 GPM
Gaussian Process regression is utilized in this study for
metamodel establishment. The relationship between the
material properties (elastic modulus) of the suspected
damage elements and the structural frequency changes
caused by structural damage is mapped based on the GPM.
Consider a zero-mean Gaussian Process with kernel
function k(x,x’; o), which can be described as follows
u(x) ~ GP(0,k(x,x’;0)) (25)
where o denotes hyperparameters in the kernel function.
In this work, the kernel function takes the squared
exponential form. The Limited-Memory Broyden-Fletcher-
Goldfarb-Shanno (L-BFGS) optimizer is used to optimize
the hyperparameters in the squared exponential kernel by
minimizing the negative log marginal likelihood (NLML).

2.3.2 BI-SMU
The posterior probability density function of the updated
parameters 8 can be obtained by Bayes’ theorem

0 0
p(6ly) = LIPO) __ o iaypee)

J,p(10)p(8)d6 (26)

where ¢ is a constant which is not related to 8; p(6)
denotes the prior probability density function of 6; p(y|6)
denotes the likelihood function of observations; p(6|y)
denotes the posterior probability density function of 6.
Assuming that k tests are conducted and each test is
independent, the likelihood function, which indicates the
possibility that the test value is observed, can be expressed
as follows

1 1
p(|0) = ————exp(— 5 (0) - N'ZS(0) = M) (27)
(2m)2k X2

where f,(6) denotes the metamodel prediction; ¥ and X
denote the mean and covariance matrix of the measurement
data. If the prior distributions of the updated parameters
take the form of uniform distribution, the expression of the
posterior probability density function reduces to

1
p(Bly) = ¢ xexp(= 5 (f,(0) =927 (£,(6) = 9))(28)

where ¢’ is a constant which is not related to 6. Markov
Chain Monte Carlo (MCMC) method is adopted for
numerical computation of the posterior probability density
functions of the updated parameters. The Metropolis-
Hasting (MH) algorithm is utilized to realize the MCMC
method.

2.4 General description of the entire framework

As shown in Fig. 5, the entire framework of the
proposed method is described as follows:

1) First stage: the ROIs of the structure are tracked and
located by the FairMOT, and then vibration
displacement is calculated by the template matching
method.

2) Second stage: the structure’s natural frequencies,
system matrix, and observation matrix are extracted
by the SSI method. The system and observation
matrices of the undamaged and damaged cases are
sent to the SDLV to obtain the damage locating force
vectors from the null space of the difference of the
surrogate matrix. Then, the vectors are applied to the
finite element model to calculate the accumulative
stress index and determine the suspected damaged
locations. After that, the relationship between the

1. Displacement Measurement

2. Coarse-to-Fine Damage Localization

3. Damage Severity Quantification
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elastic moduli of the suspected damage elements and
the modal frequency reductions is established based
on a GPM. Then, the likelihood function is
constructed based on metamodel prediction and
measured modal frequencies from the previous SSI
results. Next, the posterior probabilities of the
updated parameters are calculated by the maximum a
posteriori (MAP) estimation, and the updated elastic
moduli are regarded as the predicted remaining
stiffnesses of the structural elements. According to
the value order of the detected results, the precise
damage location is obtained.

3) Third stage: according to the previously established
relationships between the elastic moduli of the
damaged elements and the modal frequency
reductions as well as the precisely identified damage
locations, the damage severities are evaluated using
the BI-SMU by quantifying the elastic moduli of
damaged elements.

3. Experimental investigation
3.1 Experimental environment and setup

This study uses a physics-based graphic model, namely
PBGM, for validation of the proposed method. A finite
element model of a truss bridge is utilized to establish the
photo-realistic synthetic environment. We focus the damage
detection task on the left half of the truss bridge, which
includes 29 truss elements and 16 nodes, as shown in Fig. 6.
For more information about this PBGM, please refer to the
references (Narazaki et al. 2021, Gomez et al. 2022). All
experiments were developed and conducted on a platform
with MATLAB, Pytorch v1.9.0. The IC-SHM 2021 dataset
is in Table 1, the first five damage cases (Dam1~Damb5) are
used as the validation dataset to evaluate the performance of
the proposed method, and the other five damage cases
(Dam6~Dam10) are used as the testing dataset to verify the
effectiveness and generalization of the proposed method.

3.2 Displacement measurement

3.2.1 Performance validation

In order to train the target tracking model and verify the
effectiveness of the adopted tracking model, we first
randomly select 21,600 images from the videos Daml,
Dam3 and Dam4 for model training, and select 14,400
images from the videos Dam2 and Dam5 for testing. Three
target tracking indices defined as Egs. (29-31) are chosen to
evaluate the accuracy of the model. The training and
evaluation results are shown in Fig. 7 and Table 2. It is
shown that the selected tracking method can accurately

Fig. 6 Element and node numbering of the truss bridge

Table 1 Damage cases

Case Damaged Element No. RS*
Daml 3 47.3%
Dam?2 18 47.3%
Dam3 6 42.5%
Dam4 16 27.5%
Dam5 11 40.0%
Dam6 20 12.0%
Dam?7 5 33.0%
Dam8 9 52.0%
Dam9 11 43.5%

Dam10 12 38%

*RS stands for remaining stiffness (measured in percent)

Table 2 Evaluation of the target tracking detection results

Dataset IDF, IDP IDR
Dam?2 100% 100% 100%
Dam5 100% 100% 100%

Overall 100% 100% 100%

16
14
L2
=10
£
£
6
4
2
1
0 ‘
0 5 10 15 20 25 30
Epoch
Fig. 7 The training loss curve
track all the targets.
IDTP
= 29
IDP IDTP + IDFP (29)
IDTP
= 30
IDR IDTP + IDFN (39)
2IDTP
IDF, = (€2))

2IDTP + IDFP + IDFN

where IDTP is the number of true positive IDs, IDFP is
the number of false positive IDs, and IDFN is the number
of false negative IDs. IDP represents the identification
precision, IDR represents the identification recall, and
IDF, expresses the F-score of object ID in each bounding
box.
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Fig. 9 Displacement estimation Std and MAPE of each ROI for the validation dataset with the proposed method

Next, to verify the performance of the proposed precise
damage localization method, the displacement estimation
error standard deviation (Std) and the displacement mean
absolute percentage error (MAPE) shown below are
selected as the evaluation indices to assess the proposed
method.

N

1
T12|(di52Did —dis2D?) —ul° (32

Std =
N—1¢
i=1

N
MAPE = 100
=N .

i=1

dis2D{ — dis2D?
dis2D?

(33)

where dis2D? denotes the detected displacement offset,
disZDg represents the ground truth displacement offset,
U ——Z L (dis2D{ — dis2D?).

Flg 8 shows the truss video’s detection and ground truth

results. In Fig. 9, the performance of the proposed method
is evaluated on the validation dataset. From these results,
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the following observations are made: (i) For tracking
videos, the Std error ranges between 0.07 mm and 0.17 mm,
which proves that the method has high accuracy and good
stability. The value of MAPE basically fluctuates in a small
range, with the largest fluctuation being at Node 9. As
illustrated in Fig. 6, Node 9 is at the uppermost and
outermost portion of the structure, which is the most
susceptible in the structure. Therefore, the experimental
observation is consistent with the actual situation, which
also proves the rationality of the result; (ii) By comparing
the deviations of different positions, it is found that the
measurement accuracy of Nodes 1-8 at the bottom level is
higher than that of Nodes 9-16 at the top level. The reason
is because the upper target is farther away from the center
axis of the camera, and the lower resolution results in more
significant errors. It also conforms to the actual on-site
situation. Finally, the proposed method is tested on the test
dataset. The results are shown in Fig. 10, from which
consistent conclusions with the validation dataset are
obtained, proving the robustness of the method.

3.2.2 Performance comparison with KLT
In order to compare the performance of the proposed
method with traditional target tracking algorithms

4
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commonly used in SHM, the classical Kanade-Lucas-
Tomasi (KLT) (Shi 1994) target tracking algorithm is also
applied, and is evaluated using the same indices given in the
preceding subsection. The results obtained by the KLT
method are shown in Figs. 11 and 12. By comparing these
figures with Figs. 9 and 10, it can be seen that in terms of
either Std or MAPE, the accuracy of results obtained by the
KLT method is worse than that obtained by the proposed
method in both validation dataset and testing dataset
scenarios, which proves the superiority of the proposed
method over the traditional target tracking algorithm.

3.3 Coarse-to-fine damage localization

3.3.1 Coarse damage localization

Due to the limited resolution of the video, an error in
vertical displacement measurement is inevitable. Node 1
and Node 9 have smaller displacement amplitudes
compared with other nodes, which will lead to greater
relative errors. Meanwhile, the vertical displacement
measurements of the nodes on the upper level, i.e., Nodes 9-
16, will be influenced by the motion perpendicular to the
visual plane due to the video geometry. Hence, only the
vertical displacements of Nodes 2-8 are utilized for further
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Fig. 10 Displacement estimation Std and MAPE of each ROI for the test dataset with the proposed method
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Fig. 11 Displacement estimation Std and MAPE of each ROI for the validation dataset by KLT
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Fig. 13 WSI of each truss element in the truss bridge in the cases of (a) Daml1, (b) Dam2, (c) Dam3, (d) Dam4, and (e) Dam5

damage detection. First, the SSI method is pursued to the
time-series displacement data to extract structural modal
information. After an insight into the obtained power
spectrum density diagrams, the first two vertical bending
vibration modes are selected to formulate the observation
matrix and system matrix in the state-space model. Next,
the SDLV method is applied with the use of the continuous
observation matrix and system matrix derived from the SSI
analysis. Damage locating vectors are obtained from the
null space of the surrogate flexibility matrix. Then the force
vectors are applied to the finite element model of the truss
bridge. To screen out suspected damage locations, the
weighted stress index (WSI) is introduced (Bernal 2002). A
low WSI value indicates a high risk of damage. However, it
should be noted that, even if an element has the lowest WSI
among all elements, it does not necessarily imply that it is a
damaged element. Many factors may induce low WSIs
among undamaged elements, such as the demand for static
structural equilibrium. The coarse damage localization
results of all five damage cases on the validation dataset are

shown in Fig. 13.

Based on the results, we may pick out the suspected
damaged elements. To include the really damaged truss
members, truss elements with WSIs below 0.3 are chosen as
the suspected damage elements, which are marked using
orange bars in Fig. 13. For instance, in the case of Daml,
elements 3, 8, 11, and 22 are highlighted, indicating their
higher damage risks compared with other elements. From
the coarse damage localization results, it can be found that
the authentic damage components are included in the
suspected damage elements in the cases of Daml, Dam2,
Dam4, and Dam5. So coarse damage localization lays a
solid foundation for precise damage localization and
severity quantification in the next step. However, in the case
of Dam 3, we discovered that the truly damaged truss
member, i.e., element 6, was excluded from the group of
suspected damaged elements. As shown in Fig. 13(c), the
WSI of element 6 reached 0.6, much higher than what we
expected. When we used ground truth displacement data,
the WSI was chopped from 0.6 to around 0.1. One possible
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Fig. 14 Mode shapes and measured frequency reductions of four selected vibration modes

explanation is that the SDLV method is extremely sensitive
to mode shape, while mode shapes obtained from
displacement measurements based on a single camera
cannot be as accurate and reliable as those from contact-
type sensors.

3.3.2 Precise damage localization

On the one hand, the relationship between the elastic
moduli of the suspected damage elements and the modal
frequency reductions caused by the stiffness degradation of
structural elements can be simulated using the finite
element model of the truss bridge. A GPM is then
established to map this relationship. For instance, in the
case of Daml, the elastic moduli of elements 3, 8, 11, and
22 are regarded as the GPM inputs. The modal frequencies
will alter as the elastic moduli vary in the finite element
analysis. The modal frequency reductions in four vibration
modes are calculated and regarded as the metamodel
outputs using the finite element model. Fig. 14 depicts the
mode shapes of the four selected vibration modes.

On the other hand, the ‘field-measured’ modal
frequency reductions can be obtained using CV-based
displacement measurements. The mean and standard
deviation of the modal frequency reductions are obtained
based on the first minute of the truss bridge vibration video.
The first minute of the video is divided into six ten-second
segments. Each segment was treated as an independent
experiment, resulting in a total of six independent
experiments. Based on the SSI analysis, modal frequency
reductions of the four vibration modes are obtained in each
independent experiment. By synthesizing all the results the
mean and standard deviation of the ‘field-measured” modal
frequency reductions are yielded as shown in Fig. 14.

Then, the BI-SMU is executed for precise damage
localization. The likelihood function is constructed by
combining ‘field-measured’ frequency reductions with the
GPM predictions to realize the MAP estimation. The
posterior probability distributions of the elastic moduli of
the suspected damage elements are simulated using the
MH-MCMC algorithm with thirty thousand iterations. Fig.

15 illustrates the precise damage localization results of four
damage cases. For instance, in the case of Daml, as shown
in Fig. 15(a), the elastic modulus of truss element 3 reduces
to around 50 percent of its initial value after three thousand
iterations, while those of truss elements 8, 11, and 22
remain stable at values close to the original one. As a result,
truss element 3 is identified to be the damaged element in
the case of Daml. Similarly, truss elements 18, 16, and 11
are picked out as the damaged elements in the cases of
Dam?2, Dam4, and Dam5, respectively.

3.4 Damage severity quantification

After identifying the damaged elements in the previous
phase, the elastic moduli of elements that were not picked
out during precise damage localization are fixed as their
original values as in undamaged state, and MH-MCMC
with thirty thousand iterations is performed again to elicit
the posterior probability density distributions of the elastic
moduli of the damaged elements. The damage severity
quantification results in four damage cases are shown in
Fig. 16. In each case, the left panel shows the last ten
thousand iterations of the Markov chain while the right
panel shows its distribution. For instance, in the case of
Daml, as shown in Fig. 16(a), the elastic modulus of truss
element 3 reduces to around 48.9 percent of its initial value.
The updated material property can be regarded as the
prediction of the remaining stiffness of the damaged
element. It should be noted that element 3 is the truly
damaged element in the case of Daml, and its residual
stiffness is 47.3 percent of its initial value. The damage
severity quantification results on the validation dataset are
summarized in Table 3. It is worth noting that in Table 3,
the prediction of the residual stiffness is defined as the
mean value of the last ten thousand iterations of the Markov
Chain. It is seen that the proposed method has a good
capacity for damage localization and quantification on the
validation dataset cases. However, among the last five
testing dataset scenarios, the proposed method proves
effective only in the cases of Dam6 and Dam?7, but
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Fig. 16 Damage severity quantification results of (a) Daml, (b) Dam2, (¢) Dam4, and (d) Dam5

ineffective in the remaining three cases. On the whole, the
detection rate of the proposed method reaches 60%. In the
category of ‘parallel cases’, the detection rate is 100%.
However, when it comes to unparallel cases, the detection
rate drops to only 33%. An analysis of the possible reasons
for such results is that the experiment uses a monocular
camera. When the positions of the camera and the detection
plane are relatively fixed, the movement of the target can be
accurately detected through simple camera calibration.
However, in addition to vibrating up and down in the
detection plane, the object studied in this experiment may
also swing back and forth. As such, the relationship
between the detection plane and the camera plane will

change, and the original calibration parameters will become
invalid, which will lead to inaccurately calculated offsets
that have been observed in the results of Section 3.2.1.
Moreover, the deviation caused by this factor is more
significant when the detection plane and the camera plane
are not parallel. It may greatly affect the damage localiza-
tion and assessment results. A more feasible solution is to
use a binocular camera or a 3D camera for target tracking,
which can help overcome the above problem and improve
the accuracy of damage assessment.
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Table 3 Damage detection results of all ten cases in the IC-
SHM 2021 dataset

Prediction Ground truth
Case Category

Element RS Element RS
Daml Parallel 3 48.9% 3 47.3%
Dam?2 Parallel 18 40.6% 18 47.3%
Dam3  Unparallel Fail Fail 6 42.5%
Dam4  Unparallel 16 34.5% 16 27.5%
Dam5  Unparallel 11 43.7% 11 40.0%
Dam6 Parallel 20 16.5% 20 12.0%
Dam?7 Parallel 5 37.8% 33.0%
Dam8  Unparallel Fail Fail 9 52.0%
Dam9  Unparallel Fail Fail 11 43.5%
Daml10 Unparallel Fail Fail 12 38.0%

4. Conclusions

The paper proposed a computer vision-based vibration
measurement and damage assessment method for truss
bridges. The proposed displacement measurement method
can make up for the disadvantages of traditional target
tracking algorithms and enhance detection efficiency. The
proposed damage detection method can accurately construct
the relationship between the material or sectional properties
of the suspected damage elements and the structural modal
frequency reductions of the truss bridge based on a GPM.
When the relationship between the detection plane and the
camera plane is well defined, the damage location can be
precisely identified and the damage severity can be
effectively quantified. Although the work presented in this
paper is a preliminary study on the IC-SHM 2021
benchmark problem and needs improvement in many
aspects, it provides a framework from deep learning-based
target tracking to damage localization and to damage
severity quantification in the context of CV-based SHM.
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