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10  Abstract:

11  Measuring structural vibrations help assess dynamic performances o @tructures and

12 infrastructure. Although conventional displacement sensors have bee ly adopted, they are
13 contact-based methods which lack scalability. Recently, computer @:V) has been applied

14  as a noncontact method to measure displacements. However %eed of structural vibration
15  (e.g., in shake table tests) can inevitably cause motion blul@poses challenges in all image-
e

"'@1 cameras (without high-speed
1-vision, full-field sensing framework

etection and deblurring (GLDD) module,

16  based object/feature detections, especially for

17  shutters). To address such issue, the study pr
18  with affordable cameras using a novel globa
19  which was designed with a generative adyersarial network (GAN)-based deblurring model to

20 enhance detection efficiency apd u by restoring blemished videos from multiple
5

21 perspectives. Rauch-Tung-Strie smoother was studied for data fitting using incomplete

22 observations caused due to motion-induced blurs. A shake table test was conducted on an

23 aluminum frame with nd conventional sensors monitoring the structural vibrations.
o track the movement of the key locations on the structure. Results

24 Fiducial markers \x

25  showed that thg @ ostd method is satisfactory to monitor shake table tests when compared to

26 conventio efirements with root-mean-square errors of 0.51-0.95 mm. The proposed

27  deblu r@16 restored misdetection by 92.1%, 50.6%, and 25.2% for mild-, medium-, and

28 s 6motion blurs, respectively. Smoother-based data fitting outperformed filter-based one
Wmaling with highly blemished images. The proposed monitoring system with GLDD and

30 smoother-based data fitting provides a robust measurement solution when dealing with

31 Y motion blurs.
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33  shake table test, motion blur, computer vision, generative adversarial networks, structural health

34  monitoring.

35

* \
37  Highlights: Q

38 = proposed a multi-vision displacement measurement approach with global-local detec d

39 deblurring (GLDD) module using GAN-based deep deblurring method to ad heMotion

40 blur issue
41 = developed an automated algorithm for affordable cameras to monit@ment in shake

42 table tests, including feature detection, global-local image rring, multi-video
43 synchronization, and filter/smoother-based data fitting

44 = studied the performances of different data fitting metho %acement measurements for
45 severe motion blur cases using Kalman filter and g-Striebel (RTS) smoother

46 = provided the guidelines for using the propo a@ and affordable cameras to achieve
47 displacement monitoring in shake table

48 1. Introduction

49 Monitoring structural respow% lacement, acceleration, strain) is used to assess the

50 behavior of civil structures.gMeasu ta from experimental tests (e.g., quasistatic test, shake

51 table test) are usually influey @ the characteristics and limitations of the adopted measurement
52 methods (Zona, 2020). # responses are commonly measured using wired, contact sensors
53 at desired location @cture. Non-contact measurement methods take one step further by
54  avoiding the phfisicd§contact between sensor and structures, such as strain sensors using computer
55 vision (C ques (e.g., digital image correlation (del Rey Castillo et al., 2019),
56  photolgfitin ce techniques (Sun et al., 2019), and laser Doppler effect (Xu et al., 2019). In
57 a 0 isting displacement measurement methods include linear variable differential

mner (LVDT), real-time kinematic (RTK) global navigation satellite systems (GNSS)
59 W /global positioning system (GPS) sensors (Bezcioglu et al., 2023), terrestrial laser scanner (Kogut
60 " & Pilecka, 2020), and double-integration from acceleration (Zheng et al., 2019). However, these

61  displacement measurement methods exhibit specific limitations, such as low-sampling rate (Ma et

62 al.,, 2022) of RTK-GNSS, limited accuracy in GPS measurements (Rychlicki et al., 2020), high-
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noise level in terrestrial laser scanner (Muralikrishnan, 2021), (potential) large low-frequency drift

using double integration of accelerations (Zheng et al., 2019), and deployment cost of laser
Doppler-based method (Chu, 2005). In addition, accessibility issues (especially in long bridges

and high-rise buildings), cost escalation for up-scale measurement, range constraint, and generally\
the requirement for a stable installation platform are the complexities to consider when utili@

LVDTs.

Vision-based methods were studied to obtain displacement measurement and ov @ne
of the limitations. In recent years, the technological progress in computing power, gdDmter vision
algorithms (Sun et al., 2022), and high-speed cameras (Zhang et al., 2016) attr@\ attentions
on the direct measurement methods (Greenbaum et al., 2016) and fuﬂﬁ
measurements [e.g., system identification (Yang et al., 2019), finite elgme
et al., 2020), damage detection (Guo et al., 2019)] of ViSi% methods. Vision-based
applications in shake table tests started from early 2010’s by, @

cations on the

del updating (Dong

arly-stage feature detection

algorithms, (large-size) primitive artificial tags, and 1g€a% methods to measure structural
displacements (Choi et al., 2011). Structural vibr. l-scale civil infrastructures or large
scaled models are usually neither in high sp igh frequency [e.g., frequency range for

most civil infrastructure is well below 70¢Hz (Zd®a, 2020) or even much lower as several Hz].
Therefore, most of the time a portable with a low frequency capacity [e.g., 30 frame-per-
second (fps)] is sufficient and the e t@structural vibration will not be a serious issue for
displacement monitoring. of the current studies focused on the further structural health
monitoring (SHM) appligatt CV-based displacement measurement (e.g., behavior analysis,

load estimation, mgdal§g€ntification, model updating, damage detection) (Dong & Catbas, 2021)

and much fewe 10gfocused on solving practical issues in monitoring applications in shake
table tests, rspective selection (e.g., single-vision, dual-vision), camera location/pose
limitati natfon condition, occlusion, video frame asynchronization (if there is multiple
ca , ad motion-induced image blur.

Sane of these issues can be addressed in a controlled lab environment during a shake table
cS® for example, using proficient direct current (DC) lights to provide adequate illumination and
using post-synchronization technique to solve asynchronization issue. However, some other
challenges remain to be resolved. For example, experimental studies on structural dynamics in

particular, can suffer from motion-induced image blurs. Because shake table tests are conducted



94  in lab environments and researchers may use smaller-scale models subjected to more intense
95  excitations especially when near resonance, making collected video data much more susceptible
96 to the issue of motion-induced blur. Most of time researchers would adopt pricy, high-speed
97  cameras (~$8-30k, 200-2000 fps) to avoid the motion blurs in their CV applications for shake table\
98  without solving the issue. However, even with the most advanced camera with high-speed shu@
99 the motion blur issue is still there when dealing with any fast-moving object relative to the@w
100  shutter. The studies on image deblurring using post-processing techniques for mo®ig1 ed
101  blurs are found to be very rare if there is any. Hence, a remedy solution is in greatgiced¢o address
102  the negative impacts from motion blurs for most current shake table u@i affordable
103  measurement setups, such as portable cameras with normal speed (~$1-2&(?- ps).
104 The objective of this study was to develop a vision-based displacqme nitoring framework

105  for shake table tests that is robust to the motion blur issue. T@ roposed a multi-vision

106  approach with the ability to remediate motion-blur effect us%

107  module for accurate displacement monitoring. This pa;@)
108  approach with a global-local detection and debl

ing module and data fitting
troduced a multi-vision sensing

D) module to reduce the effect of

109  motion blur and a data fitting module to est idsection based on incomplete observation.

110  Secondly, the study designed a shake tablg test tO%evaluate the proposed sensing approach on an

111 aluminum frame structure with differen ity levels of vibration. Further, the discussion based
112 on the augmented measurements atadlitting was conducted and useful guidelines was
113  provided as well. In the end aper provided a summary for this work as well as its limitation

114  and future work.

115 2. Problem Staten@

116 (1) Motion- lur in Images

117 Ty igital 1mage generation includes two steps: image signal acquisition and color
118 re Gth image signal processor (ISP). In a classical pin-hole camera model (Ma et al., 2004)
1 (E@), a 3D point in the World Coordinate System (WCS) is denoted as P and the point is
120 1stalized as a pixel (p") projected onto the camera sensor plane in a 2D Sensor Coordinate System
121 ©(SCS). The relationship of P and p’ can be expressed in a concise form as:

SXp’~Maff Mproj [RIT] WXP (1)



122 where M, and Mp,; are affine matrix and projection matrix containing intrinsic parameters,

123 [R|T] is the joint rotation-translation matrix (containing extrinsic parameters), Sxp/ =

T
124 [Sxp/ , Sypr ,1] and “Xp =["Xp,"Yp,"Zp ,1]" denote the corresponding homogeneous

125  coordinates, respectively.
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126
127  Figure 1. Schematic views of (a) single-perspective setti i tion-induced blur on the sensor
128  coordinate system (SCS), and (b) dual-perspective settj ame structure feature observed by both

129 cameras.

130 Image blurs can result from the relative eient between camera and object/scene and it

131  can be formulated as the accumulation of pjotons on camera sensors during the exposure time:

Ib(x' y) (t' X, y) dt) (2)

132 where I, denotes the blurre e, [t;, t,] represents the time window for exposure, f(t, x,y)
133 represents the photon r@ pixel location (x, y) at time instant ¢, and ISP(-) denotes the

134  image signal proce tor (e.g., white balance, color correction).

135 age blurring (denoted in Figure 7a) is influenced by the shutter speeds of
136 Sative movement speeds between cameras and recorded objects. Motion blurs
137  can bgfcate ed into local blurs and global blurs. Global blurs usually occurs with a moving

138 cg is usually encountered in the application of robotic vision (Zeng et al., 2020) and
1 i neous localization and mapping (SLAM) (Gao & Zhang, 2021). While local blurring results
140 Y’ from moving objects in static backgrounds. Local blur issue occurs in the CV application for shake
141 ° table tests where the table base and the mounted dynamic structures are the foreground in motion

142  and cameras are fixed statically with the background.



143 Artificial features, such as fiducial markers, have strong (black-white) contrast and sharp

144  features with straight edges for robust detection compared to natural features. However, severe

145  structural motion during a shake table test can make fiducial marker detection in blurred images a

146  really challenging task. Motion blur can deteriorate the marker detection performance using image\
147  processing algorithms (e.g., edge detection, blob detection). Deblurring methods can render clegfer

148  images for actuate feature detection. The underlying problem of the image deblurring pa@:

149  study is to restore clearer and sharper visual features on images for accurate de d

150  displacement computation.

151  (2) Motion Estimation for Severe Blur @

152 In practice, severe motion blur on images can cause misdetectio n when deblurring
153  technique is implemented. For example, when the structure i Q to vibration with a
154  frequency close to the natural frequencies, structural vibratiQgele much severer making the
155  top floor shaking faster than the other floors. A post_pr g of data fitting is needed to
It

156  complement the measurement in these cases. linear interpolation and/or spline

157  interpolation can be used as basic data fittin. g the continuous movement of structure

158  using nearby measurements, these interpolatio hods neglect the system information and
159  sometimes can yield wrong estimates afthe§nisdetection instances.
160 Assume a measurement fro tabe test is denoted as y; at instance t,(k = 1,2, ...,T)

161  and the corresponding state ifyde - For example, the measurement includes displacement

162  measurement in x directio d,(ty) for a 1D shake table test and the state include both
163  displacement and elo@c as X, = [dy(tr), dy(t)]. To model the motion, a state vector
164  x; € R™! deno & em state and the linear dynamic system can be expressed as:

Xp = Ag—1Xp-1 + Qg1 3)
165  where x 1%the state (as a vector), qx_; € R™ ! is the process noise with Gaussian

166  probalilityy distribution q,_;~N(0,Qx_;) , and Aj;_; € R™™ denotes the dynamic
167 delfransition matrix.

16 The measurement equation is:

Vie = HpXp + 134 “4)



169  where y, € R™*! is the measurement, r, € R™*! is the measurement noise with Gaussian
170  probability distribution 1;_;~N(O,R;_;) , and H;, € R™™ denotes the measurement

171  model/matrix.

172 Successful observations are denoted as (y); = (Vi) (k, i) € K: \

(Vi)i = (HiXy + 1), (ki) eX Q
173 where U = {1,2, ..., T} X {1,2, ..., m} denotes the universal set of scalar outputs conespo%

174  all possible observations, KX € U denotes the set corresponding to successful obs 0T
175  denotes the set corresponding to failed/missed observations. K N M = @ and K U.

176 Severe structural vibrations sometimes can make motion blur so blem@h CV-based
177  measurements cannot be obtained successfully even after using some i eblUrring techniques.
178  For discussion, these failed/missed observations are denoted as (yj i, (k,i) € M. The
179  underlying mathematical problem of the data fitting part in this s to estimate failed/missed

180  measurements (7 );, (k, i) € M based on the successful obfeFdions, (¥, );, (k,i) € K.

181 3. Method @

182 Motion blurs involve shutter speed of n& moving speed of recorded object. The
183  failure in feature detection resulting from gnotion¥lur can cause misdetection of key features on
184  vibrating structures, leading to empty o tions at certain time instances. Hence, it is important
185  to develop a deblurring and detect gy Shat is suitable for displacement monitoring in shake
186  table tests. Targeting toward t8g motiol¥ blur issue in shake table tests, a multi-vision approach was
187  proposed including three mé @ as shown in Figure 2): multi-vision photogrammetry module,
188  global-local debluthK tection module, and data fitting module for severe motion blurs.

<
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189
190 Figure 2. Flow chart of the proposed approac ent monitoring with muti-vision photogrammetry

191 module, image deblurring and detection module, ari§datd fitting module.

192
193  3.1. Multi-Vision Displacement in
194 In a shake table test, th situations that not all tags are in the scope of view. For example,

195  the top floor of a stru be out of the camera due to excessive displacements, or one
196  feature for trackin@ocked by a structure component from one camera view. Sometimes
197  during experi istal features on structures (e.g., artificial patterns, natural features) cannot
198  be seen cl “Qﬂy due to limited conditions (e.g., poor illumination, unsatisfactory camera
199  pose, e ment of structure). To cope with these non-perfect situations in practice, a multi-
200 v @gy with both single-vision and dual-vision choices is needed to obtain full-field
2 mﬁment in the post data analysis. In addition, vibrating structure may induce different levels
202§ of blurs viewed in multiple perspectives. Even if motion blur (Figure 1a) is too severe to be viewed

203 ¥ clearly in one perspective, it doesn’t necessarily mean that the blur will be at the same level with

204  another perspective. The effectiveness of image deblurring of the same visual features may differ



205  due to different perspectives. Therefore, multi-vision scheme was chosen to provide information

206  redundancy for dynamic experiments.
207 (1) Fiducial Marker Detection and Video Synchronization

208 Visual features in images used for displacement measurements could either be natural featlb\

209  (e.g., structural corners) or artificial features (e.g., fiducial markers). Marker-free methods

210  no speckle pattern or marker deployment, but they require more computation time to@s
211 images to get features for matching. In contrast, artificial markers are commonly##gd tSyobtain
212 streamlined detection and tracking of points of interest (Spencer Jr et al., 201 r to process
213 videos in a fast manner, a fast feature detection and association (acros a@

214  preferred for shake table tests. Therefore, fiducial markers (e.g., Apri Olson, 2011)) with
215  sharp features was on top of the list for this study, as well as a spee ﬁ
216  detection algorithm (Wang & Olson, 2016) includes the ﬁrs‘%@

217  step of detailed pattern recognition. In the second step,

algorithm is

n algorithm. AprilTag
d detection and the second
didate generated from the first

218  step will be decoded to compare with the tag dicti effamily to decide if the binary payload

219  matches with one specific tag pattern. This address the issue of motion-induced blur

220 in shake table tests and the proposed method e integrated with different types of visual

221 features for CV-based monitoring. For denlgnstration purpose, AprilTag’s were used as example

222 for feature detection
223 In the first step of tag dgection, §gfdd detection may fail if line/quad features are blemished
224 by motion blur. In the seco

. even if a marker is detected as a candidate quad in the first step,
225  the decoder will filter e out if its binary pattern is wrecked by motion blur, leading to no
226 match in the know ily (Krogius et al., 2019; Liu et al., 2022). Therefore, there is a need

227  to restore imag

228 Follo %

- ecover the sharp features of the markers before achieving tag detection.

Nuctural feature detection, video synchronization is of great importance for
229 mut1-®a plication, especially for shake table tests. One may argue to have all the cameras are
230 tr@ the same time in the beginning of the shake table tests to enforce video frames match.

23 er, the internal clock within each of the cameras will slightly drift during the recording
232 § (especially for non-expensive cameras), making a mismatch of video frame across different
233 cameras. The mismatched frames will yield considerable error in multi-vision triangulation
234  computation. Therefore, a post video synchronization is needed before the image processing. In

235  this study, the ambient sound from shake table tests was recorded on the audio channels and the



236 audio recordings were processed and synchronized based on audio waveform matching using

237  cross-correlation.

238  (2) Multi-Vision Triangulation

240  strong constraint in 3D scene reconstruction when the two viewing rays corresponding to th

239 In a dual-vision setting, images from two different perspectives (Figure Ib) can serve &

241 scene point intersect. The 3D coordinates can then be determined using the direct linear t 0

242 (DLT) method (Abdel-Aziz et al., 2015) based on triangulation.

k
AT WXP

Xy = |BT"Xp 6)
CTk WXP
243 where A", BT™ and 7" represent the three rows of the trans%a matrix Mirans ) for k-
244 th camera. Transformation matrix Myans = Mg Mpro; [R| T4
245 In this study, pinhole model (Eq. 1) was used for e two points in the two images

&

246  (e.g., p1, py in Figure Ib), respectively.

S _ Supi' _ ATk WXP
xpi’ - - \ Tk _AT(k))WXP =0
s e pr®yw (7)
s _ ypi,C - B ) XP == 0
Yo =
247 Combining the equations§keveloped from the two points (Eq. 7), linear algebra equations are

lve.

248  derived to yield a unique so @ ¥The four observations ( *u,s and v, from each point) make
249 it a determinate pr @

T(l) T(l)'
xpllc - A WUP
@ ey
R G ®)
Q Sxpzf CT(Z) — AT(Z) YWp
w
s @ L@ Tpl, .
‘ ’ Yp,'C B “axa
2 hi Tp is treated as a scale factor and the homogeneous coordinates of point P could be

251 ¢ represented as [V Xp, VY, WZp , 1]7.

252 3.2. Global-Local Detection and Deblurring (GLDD)

10



253 Restoring images from local blurring of moving objectives is an open problem and image-
254  based deep deblurring methods are yet to be applied in CV-based monitoring of shake table tests.
255  One focus of this study lies on the design of global-local detection and deblurring (GLDD) module

256  using deep deblurring to augment the displacement measurement in shake table tests.

257 (1) Deep Deblurring Model Q

258 In the study, a deblurring model was adopted that is a generative adversarial network

259  based deep deblurring model. GANs were investigated for image restoration akNghnan,
260 2017) by refereeing to the idea of image translation and the recent de nt" includes
261  DeblurGAN (Kupyn et al., 2018), DeblurGAN v2 (Kupyn, 2019), and G t@rGAN (Liu et
262 al, 2022). Due to the high speed of processing, models with light- l&
263  network (CNN)-based feature extractors, such as GhostDeblurGg';&

264  efficient image deblurring compared with heavyweight

convolution neural
ferred in the study for
. ce, this study adopted a

Cstoration component for the

265  lightweight deblurring model, DeblurGAN-v2, as the_i
266  proposed deblurring module. @

4x size up

Upsample layer

—

block 6, 160 ch, stride 1 G-bneck7
block 5, 80 ch, stride 1 G-bnecké

Ax size u

Cheap module size s0xd0
block 5, 80 ch, stride 2 G-bneck5 [ Upsample layer | feature maps

block 4, 40 ch, stride 1 G-bneck4

2x size up
Cheap module Upsample layer

block 3, 40 ch, stride 2, G-bneck3

block 2, 24 ch, stride 1 G-bneck2

Concatenation
2x size up
block 1, 24 ch, stride 2 7 " B Upsample layer
block 0, 16 ch, stride 1 n

D
Size 320x160

module
) st [ Upsample layer |
3x3, 16 ch, stride : = X size up l:m s:a le Ia"’zr

, 320x1
3ch

267
2 @3. Schematic view of the Ghost-DeblurGAN generator architecture with an example of image
269\ proCessing on fiducial marker attached to a structure.

RGB raw image RGB image
with motion blur after deep deblurring

270 The generator part of a GAN-based deep deblurring model includes a CNN backbone as
271  feature extractor and a feature pyramid network for a rich set of global feature maps at different

272 spatial scales (Figure 3). Compared to DeblurGAN-v2, the CNN backbone of GhostDeblurGAN

11



273 uses GhostNet (Han, 2020) as shown in Figure 3 instead of MobileNet. Cheap module (Sandler,

274 2018) adopted in the GhostNet CNN backbone includes the pointwise and depthwise separable

275  convolution layers in sequence to obtain the intrinsic feature maps. These intrinsic feature maps

276  are comparable to computational expensive 2D convolution layers, but the yielding has a much\
277  faster speed. Compared to the 2D convolution layers in DeblurGAN-v2, the cheap module?
278  Ghost-DeblurGAN can help reduce 53.21% of the floating-point operations per second (

279  during the forward calculation. Hence, Ghost-DeblurGAN model was adopted as t

280  model of the proposed framework. The deblurring model was trained using a largefsca®, YorkTag

281  dataset (Liu et al., 2022) with paired blurry-sharp tag images of 2074 pairs @i

282  and 497 in test set) that were collected in both indoor and outdoor envir@amc®” The deblurred
283  images (9761 tags within dataset) processed using the trained lurng” model showed an
284  improved detection rate of 59.1%, compared to detection rate 2.0% when using raw

286  (2) Global-Local Detection and Deblurring (GLIRD)

285  blurred images. @

287 A global detection and deblurring (GD rodgsMpn the whole image may be sufficient to
288  restore images from small motion blurs. Howe en the motion blur becomes severer, local
289  level of deblurring process is needed gn the key locations to retrieve sharp visual clue for tag
290  detection. Therefore, global-levﬂca -%vel image deblurring were automated to augment

291  tag detection based on the dif§ferent eRgefit of motion blur.
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Figure 4. Flow chart of the proposed GLDD module. (note: both artificial and natural features can be
used and AprilTag is adopted as an example)
The proposed GLDD module (Figure 4) includes global-level tag detection/deblurring on
whole video frames and local-level detection/deblurring on cropped images near the key (image)\
locations. The assumption for such design is that the attention of a general deep deblurring m@
is distracted on nonimportant area when dealing with a relatively large moving foregrou%.,
ns

the vibrating structure) instead of focusing on the key structural features. If an image

single features/tags with relative larger foreground, the attention of a CNN-based gatulyextractor

will be forced to put on the tags over the background and the tags will be les@ to restore.
For a shake table test, rigid movement occurs at the sliding base. If the s re THoves at the same
frequency as the sliding base when subjected to a forced vibration§¢he Mving distance on the
higher levels of the structure over the same time would be lar@pared to the sliding base.
Hence, it is reasonable to assume that the blur severity at st% p is larger than the base.

3.3. Data Fitting for Severe Motion Blur @
The problem of data fitting was reshaped@ing pective of Kalman filtering (KF) (Welch
& Bishop, 1995) and Rauch-Tung-Striebel (R smoothing (Sérkka, 2008) thinking. In this

study, the dynamic system was describggd bysa partially observed Markov process in the Bayesian

sense by computing the condit@trib ions (e.g., p(Xk|Xx—_1)) using either filtering or
smothering methods (Sarkka8% SvensS¥n, 2023).

(1) Kalman F ilter@mation

Xp~P (Xpe|Xp—1) = N(Xpe [Ap-1Xp—1, Qe-1) )

Vi~P (Vi |Xr) = N(Xp [HpXp, R) (10)
In order to compute the filtering results, the parameters or states are computed in two steps
recursively: prediction step and correction step. The prediction step in the recursive computation

includes the mean prediction and covariance prediction:

13
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my, =A,_m;_, (11)
Py = Ay P A% 1 + Qo (12)

The difference between the predicted measurement and the sensor reading is denoted as

innovation vj: \

Vi = ¥i — Hemy,
The correction step in the recursive computation includes the correction of m d

covariance of the current state:
m, = mj + K, v, @ (14)
P, = P, — K, S, K} & (15)
where mj;, m;, € R™*! are the mean value of the state x;, and Py, P@ are the covariance
matrix of the measurement X;, during the prediction and corregfi s, respectively. Kalman
gain for the correction is K, = PyHJS;". Covariance iX®™for the innovation is Sy =

H,P,;H} + R,.

From the previous state X;_; and curre eas nt y;, a prediction and correction can be
performed to estimate current state of m; a ©sequentially. The next prediction of the
measurement can be obtained as Hj . my, ; if there is a misdetection of y,,q, k+1 & K.

However, there is no correction + Bdue to the lack of measurement which can lead to

growing covariance matrix By, ;.

(2) Smoother-based Esti

RTS smoothe& oothing method of estimating the current state given the whole
measurements j Jjust using the current measurement and the previous state. Because on-
time meas ot required in a shake table test, a short-time delay (few seconds or minutes)
is allo mn be used for post processing. Therefore, the study considered using the available

gt not that were not just prior to the current steps (1 < i < k & i € K) but also after
tnment steps (k +1 <i < T &i € K). RTS smoother, which is similar to but not same as the
ackward algorithm of KF, is used to estimate the missed measurement y,, =? (k € X) using more
measurement in future (y;, k+1<i <T &i € X) in addition to KF. In the study, the KF and
RTS smoother results would be combined with expectation-maximization to estimate the dynamic

state and missing measurement in the shake table tests. Unlike normal RTS smoother that uses all
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344  the measurements for all time steps, this study would impose a constraint on measurement because
345  only partial measurements (y;, 1 < i < T &i € X) could be provided for smoothing.
346 The close form smoothing solution for a RTS smoother is:

p(Xlysr) = N(xic[m3, PS) (16) \

347  where my, P; are the estimated mean and covariance of the current state x; based on the WQ

e
348  measurements yy.g. @
349 RTS smoother allows one to refine estimates of current states using the informati Wed

350 by later observations. The equations for the backward recursion for RTS smootier Mglude the

351  prediction step: @
my. = Agmg K (17)

Py = AcPAl + Qy (18)
352  where m;, € R™1! and P, € R™*™ are the mean value and the nce matrix of the state x,,
k k

353  computed by the KF. @
354 The correction step in the recursive computation i :

mj;, = my + G, (m3 41 (19)
PI? =P, + G (Pk e+1) Gic (20)

355  where mj € R™*! and P; € R™ ™ are thé§nean and the covariance matrix of the measurement

356 X computed by the RTS smoot T (Pi,,)~ ! is the smoother gain for the correction.

357 4. Experiment: Shake Tablc§est

358 To evaluate the pro 1-vison approach and algorithm for displacement monitoring, a
359  shake table test w d gut on a three-story aluminum frame (Figure 5). Chirp excitation was
360 used as the inp a&excitaﬁon to induce different levels of structural responses. The three-
361  story alum@ (Figure 5a) were fabricated with the same story heights of 230 mm. The

of the floors in X and Y directions are 202 mm and 204 mm, respectively. The

362  width
363  detad @vs of the column to floor connection are shown in Figure 5b with X direction as the
36, v@ection and Y direction as the strong direction. The center-to-center distances between the
36 adjacent columns are 149.30 mm in X direction and 178.2 mm in Y direction, respectively. A
366 ¥ steel plate with the same mass, 0.66 kg, was affixed to the center of each floor. A shake table
367  (Quanser Shake Table II) was utilized to provide lateral excitation with a payload area size of 460

368 mm X% 460 mm. The maximum stroke limit of the actuator is +£76.2 mm and the frequency range
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369  of input motion is 0.5-10 Hz. The proposed approach and LVDT were used to measure dynamic
370  displacements. Numerical simulation, experimental setup, and feature detection (without GLDD

371  implementation) are presented as follows.

column

mm 24.75 mm
l g
oor i 3

B

]
ED
Eg column
SE Section in X direction
© o

‘9; column

2

12.8m
65mm
floor
Ly /e'
X ,\q,q'
12930 mm column
’ ¢ dlrectlon
a
372 @

373  Figure 5. (a) 3D schematic view of the aluminum @b) detailed views of the column-floor
374  connection in X and Y directions.

375  4.1. Finite Element Simulation

376 A finite element (FE) model of the aluminum frame was developed and analyzed using

377  OpenSees (Mazzoni et al., 2006) t& @ stadl the structural behavior of the physical model. The

378 same geometry (Figure 35) used to design the FE model and the columns and floors are
379  modeled by assigning fib to dispBeamColumn and ShellMITC4 elements in OpenSees,
380 respectively. The I@ properties of the aluminum material for the simulation were: yield
381  strength =2.5e8 &dulus of elasticity = 6.9¢10 N/m?, Poisson’s ratio = 0.33, density = 2700

383  stories, modal frequencies in the X direction of the FE model were 5.68 Hz, 16.06

382 kg/m’. Follgu xperimental model, lumped masses of 0.66 kg were assigned to all the three
@

384 Hz 23 B8 Hz (see Table I) based on the modal analysis. Ground excitations using an upchirp

38 eXgitatibn (designed as 0.5-4.5 Hz) and the free vibration after the excitation are simulated on the

38 odel. By knowing the modal parameters (e.g., modal frequencies) from FE analysis, the

387 § ground excitation can be well designed for the real experiment to cover different frequency

388  spectrums while maintaining the safety during the laboratory test.

389
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390 Table 1. Natural frequency (first three modes in X direction) and MAC value comparison between FEM
391  and output-only system identification results using (virtual) free vibrations and experimental measurements.

Model Mode2 Mode3
Meas Sys. ID 5 5 5
Method . Freq. MAC | Freq. MAC | Freq.
. (Hz) ' :
Modal
_Analysis R e T
Virtual FDD 5.62 1.00
(FEA) SOBI 5.62 1.00
SSI 5.60 1.00
FDD 5.15 -
Experiment SOBI 515 )
(CV)
SSI 5.14 -
392
393  4.2. Experimental Setup
394 Twenty-three AprilTags of “25h9 tag family’

395 frame. Eight tags were attached to the key e on the front surface of frame’s floors to

396  record displacement time histories of the stgucturé®uring the experiment. The remaining seventeen

397 tags were attached onto the surface of #gg tqble base to perform camera location/pose estimation

398 and to record the displacemenisto of the base. Moreover, the displacement and
399  acceleration time histories of%he basc®wvere recorded by the LVDT and accelerometer integrated

400  with the shake table.

LED
light

4,
Q Cam3

w
Caml . Cam2

201 (a) (b)

402  Figure 6. (a) Photo and (b) schematics of the experimental setup of the shake table test with the aluminum

403 frame and cameras.
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405
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407
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410
411
412
413
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415
416
417

418
419
420
421

42

424
425
426

The aluminum frame (Figure 6a) was subjected to the same upchirp (0.5-4.5 Hz) excitation
(Figure 7) as in the FE simulation (Figure 5) with the maximum base displacement of 10 mm
and the duration of 15 seconds. Three portable cameras (Figure 6) were used to monitor the shake
table tests: two Sony 06400 cameras (denoted as Cam1 and Cam2) and one Sony 06000 camer.
(denoted as Cam3). Multiple DC light-emitting diode (LED) sources were deployed further awa
from the shake table for balanced illumination condition. Please note that there is a tradedff
between different (camera) angles of view: wide-angle allows more context in vie i
sacrificing the density of pixels over foreground (structures); narrow angle allows e%ls
over structures while covers less area. Based on the size of the three-story fra
medium field view (=16 mm) was adopted with field of view angles of 72.59°
52.27° in horizontal directions. Camera parameters were set as the same f ee cameras to
record high-quality (1920 x 1080 pixel?) videos of the structure in vibratj ocal length =16 mm,
ISO = 2000 (the sensitivity to light), frame rate = 59.94 fps, shutter ggee 165 s (6.1 ms), and

camera aperture = £6.3.
‘ L‘ l )
D v
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@bient soundtracks of the test were used for video matching between the three cameras

cross correlation method to compute the differences in time (Figure §). Caml-audio was
used as a reference and the time shifts were +2.54 s (+152 frames) and +2.59 s (+155 frames) for
the Cam2-audio (-video) and Cam3-audio (-video) channels, respectively. After the

synchronization of frames from multiple perspectives, muti-vision triangulation is performed.
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Figure 8. (a) Synchronization processing using the audio data from the three casgerasNgnd cross-
correlation, and (b) the detailed view within the time window of (2.5-8 s). @
4.3. Tag Detection without GLDD

Evaluation of camera calibrations of the three cameras (Figur e conducted with the
blue dots representing the 3D location in WCS projected onto % 1mages (using recognized
camera parameters) and red circles representing the detectedlogdion in SCS. The average error in
2D SCS between the detection locations [i1;, D;]7
2D SCS were 2.99 pixel for Caml, 3.53 pixel for

sin i s and the projected locations in

d 2.97 pixel for Cam3, respectively.

The average errors in 3D SCS between the co location [)? ir ﬁ,Zi]T and the measurements
by rulers in 3D WCS were 2.03 mm for §aml, 1.58 mm for Cam2, and 1.72 mm for Cam3,

respectively.
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440  Figure 9. Evaluation of camera calibration and pose estimation in the small-scale shake test. (note: red

441  circles are projection using camera parameters and the ground truth locations in WCS and blue dots are

442  detected points in SCS)

443 The detection performance is shown in Figure 10 for the three cameras. A successful detection

444  event by raw tag detection technique is denoted as a gray solid circle and a failed detection ev

445  is denoted as a red circle for each of the three perspectives at each synchronized frame/tim Q

446  the three cameras. The detection performances are shown for different floors from to

447  TO/T1 on the 3" floor, T2/T3 on the 2" floor, T4/T5 on the 1% floor, and T6/T7 o se?When

448  the motion blur was little (0-12 s, 0-720 frames), the detection performa e raw tag

449  detection is satisfactory with all the tags on the frame successfully dete d@e success rate

450  was 100%. As the vibration becomes large enough to cause mild motioRbI®r (12.3-13.2 s), the

451  tags on the 3™ floor (TO and T1) were difficult to identify. As t% n frequency increased

452 (13.2-14.2 s), tags on the 3" floor more frequently failed t e

453  experience misdetections. During the last one second, @%
0 4B

454  the 1 natural frequency of the structure, even tags Poor were difficult to be detected just

d and tags on the 2" floor

itation frequency was close to

455  using the raw tag detection technique. T6 an hbase floor showed a 100% detection rate

456  for all the cameras.

sync time (s)
54 56

5.2 58

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

! sync time (s) !
3o 135 140 14.5 15.0

*******************************************************************

775 1 800 825 1 850 875 900

sync time (s)
135

775 800 825 850 875 900

sync frame # sync frame #

45
45 10. Tag detection evaluation based on raw image frames from (a) Camera 1, (b) Camera 2, and (c)
459 W Camera 3 in the shake table test.

460 The vertical lines in Figure 10 delineate the time segments which are associated with different
461  degrees of motion blur. As shown in Table 2, the missed rates for the mild level of motion blur
462  (12-13 s) were 12/480, 13/480, and 13/480 for Caml-3, respectively. The missed rates for the
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463  medium level of motion blur (13-14 s) increased to 70/480, 91/480, and 94/480 for Caml-3,
464  respectively. The missed rates for the severe level of motion blur (14-15 s) were 151/480 (Caml),
465  162/480 (Cam2), and 159/480 (Cam3). Misdetection events occur when the velocities of the tags
466  were higher on upper floors. In order to obtain more dynamic measurements, GLDD is needed to,
467  enhance the detection rate. \

468 5. Result and Discussion @Q

469  5.1. Augmented Detection with Multi-Vision and GLDD

470 As an example, the image-based GLDD process on a video frame is show¥jin Ngure 11.
471  When there was motion blur on images, the detection algorithm using t @lurred image
472 (Figure 11a) could not identify all the tags on the structure, in contras§to8g static frame without
473  motion blur (Figure 9b). However, the detection rate can be improve@ng the GLDD module
474  to an extent. For example, the GDD algorithm could improve th tion on the front surface of
475  the frame (Figure 11b), especially on the 2™ floor (Figure @ was at the center of the whole
476  image. However, while the GAN-based deblurring @ 0

477  detection in a certain focused area (e.g., center),

le image could only improve

image restorage was not enough to

478  make the tags on the 3" floor detectable ( h). In addition, the objects that were off

479  centered (e.g., base) did not necessarily bycome Sharper using the GAN-based deep deblurring
480  method, which could even imposg adugts cts making previously detected tags less detectable

481  (Figure 11d) after the image restomgtioly. HSwever, the local deblurring on a local crop image

482  (Figure 11j) could shift m ention on the important features (e.g., tags, structural features)

483  making the bit feature or successful detection (Figure 11j). One may argue that this

484  improvement mighde o the cropped image size. Experiment result (Figure 7171), though,

485  proved that usipf fge crop even around a tag would not necessarily improve success rate.
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(c) raw det (base, zoom) (d) GDD (base, zoom)

(f) GDD (2" floor, zoom)

486 (a) raw det (whole) (b) global deblur + det. (whole) (i) local det (3™ left) (j) local debl

487  Figure 11. GLDD process steps on one video frame: (a) detection result ograw Wage, (b) detection result
488  on globally deblurred image, (c) raw detection result and (d) GDD prg&%s ult on the table base, (e)
489  raw detection results and (d) GDD processed result on the 2™ flo awpdetection result and (h) GDD
490  processed result on the 3™ floor, (i) detection result on the local ar Tag0, (j) its locally deblurred

491  image, and (k) LDD processed result. @

492 The limit of the proposed framework waseeval using the upchirp excitation whose actual
493  frequency window is about 0.5-6.2 Hz covering%he™® natural frequency of the structure (5.15 Hz
494  in Table 1) near the end of the experiment§Because the transient displacement input on the table

495  base included frequency compowh ' natural frequency near 15 s (Figure 7), the short-
to

496  time resonance caused the figme violently and resulted in severe motion blurs in videos.

497 dtion performance for the GLDD process for each of the camera
498 i YPsymols denoting successful detections using the GDD and red-cross
499 wftll detection using the local detection and deblurring (LDD). The
500 i : & of GDD and LDD were compared using an ablation study of the different
501 i oies (Table 2). When the time was 12-13 s in the shake table test, there were
502 isses, and 13 misses for Cam1-3, respectively. With the GDD, the miss counts
503 W, 0 4, 2, and 10 for the three cameras, respectively. With the additional LDD, the miss
5 ent further down to 2, 0, and O for the three cameras, respectively, making the total

505 Y restoration rates of 10/12 (83.3%) for Caml, 13/13 (100.0%) for Cam2, and 13/13 (100.0%) for
506 ~ Cam3. The average restoration rate for the three cameras were 35/38 (92.1%) for mild-level motion
507  blur. When the excitation frequency increases from around 3.9 Hz to 4.2 Hz during 13-14 s (Figure
508  7d), the restoration rates for the GLDD process were 36/70 (51.4%) for Caml, 54/91 (59.3%) for
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509 Cam2, and 39/94 (41.5%) for Cam3. The average restoration rate for the three cameras was

510  129/255 (50.6%) for the medium-level motion blur. During the last one second (14-15 s) when

511 frequency span of the excitation (3.9-6.2 Hz) overlapped with the 1% natural frequency of the

512 structure (5.15 Hz), the restoration rates by GLDD decreased to 44/151 (29.1%) for Cam1, 49/ 162\
513  (30.2%) for Cam2, and 26/159 (16.4%) for Cam3. The average restoration rate for the t@

% ion b
514  cameras was 119/472 (25.2%) for severe-level motion blur.
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516  Figure 12. Tag detection evaluation with GLPD pro@
517  Camera 3 in the shake table test.

518 After analyzing all the Vide(@ur' g the whole shake table test (0-15.3 s, 0.5-4.5 Hz),
519 it was found that the restoral§gn rate§’ of the GLDD were 92/243 (37.9%) for Caml, 126/281

520 (44.8%) for Cam2, 82/284 @ $) for Cam3. The different performances among cameras were
521  due to the relativ nfnd pose of cameras with respect to the shaking aluminum frame
522 showing the eff

875 900

sing from (a) Camera 1, (b) Camera 2, and (c)

camera placement on achieving high quality CV-based results. The

523  GLDD pro estored 94/207 (45.4%) of previous misdetections using raw images. The
524  multi-vj '@neg did take effect in the detection augmentation as well. Take Cam3 for
525 exa missed counts were brought from 13 down to 6 during 12-13 s, from 94 down to 60

52 diging 8 3-14 s, and from 159 to 133 during 14-15 s. For the whole test (0-15.3 s), the total miss
52 t for Cam3 was brought from 284 down to 207 with a 26.0% drop. With the implementation
528 § of both strategies (multi-vision and GLDD), the total miss count for the experiment is brought
529  down to only 113 (Table 2) with 75.0% measurements retrieved (from the previous misdetections)

530 compared to just using raw images from one single camera (e.g., Cam3).
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531

532  Table 2. Hit and miss counts using different tag detection methods for each camera and hybrid setting
533  during different time windows of the shake table test.

detection

Dt 12-13s (frm: 719-778) | t: 13-14s (frm: 779-838) | t: 14-15s (frm: 739-899) | : 0-15.3s (frm: 0-9g1)
method | . Y

icaml cam2 cam3 multi caml cam2 cam3 multi caml cam2 cam3 multi caml cam2

det | 468 467 467 474 @ 410 389 386 420 : 329 318 321 347 : 7133 70 0 7169
4

raw
mis{ 12 13 13 6 : 70 9l 9% 60 ! I51 162 159 133 207
det | 476 478 470 480 | 428 418 395 436 | 357 349 331 367 | 7115 7212
GDD ' : - -
ms! 4 2 10 0 ! 52 6 8 44 | 123 131 149 1@ 261 164
det | 478 480 480 480 | 446 443 425 461 | 373 367 347 €390Ww#225 7221 7174 7263
GLDD : i ! :
msi 2 0 0 0 ! 3 37 55 19 ! 107 113 o33 LISl 155 202 113

534 | | | 6
535 5.2. CV-based Displacement Measurement

536 The pixel coordinates of the tag centers were locgit %e collected video frames. For
537  example, the image-based detection results (from ﬁne four floor levels (T0-3" floor, T2-
538 2" floor, T4-1% floor, T6-base) are shown i . Results from raw-image detection are
539  denoted as gray dots, additional results frgm GD® process are denoted as blue “+” symbol, and

540 the additional results from LDD proces enoted as red “x”” symbol. From bottom to top of the

541  structure, the increasing motion b @ it ghore and more difficult to detect using raw images.
542  The GDD retrieved almost althe mistetections (denoted as “miss” in the study) on the 1% floor
543  (Figure 13c and g) from 1 s (870-900 frames). On the 2™ floor and 3™ floor, the GLDD
544  performed well fr -18.8 s (775-825 frames) by restoring all the misdetections from raw
545  images. LDD w &obust dealing with challenge events from 13.8-15.1 s (825-900 frames)

546  when the moti was at a severe level.

QO
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Figure 13. Localization results of (a-c) u and (e-h) v sensor coordinate svstgn fd®Tag0 on 3™ floor, Tag2
on 2™ floor, Tag4 on 1* floor, and Tag6 on base using GLDD module

The time histories of displacement were compare re 14) among the designed
displacement input, LVDT measurement, sigele measurements, and dual-vision
measurements on the table base. There was al rence (0.506 mm) between the designed

(displacement) input and the LVDT measurem®gt 1i¥the shake table test. This study used LVDT
measurement as the baseline for comparisofj among vision-based measurements using root-mean-
square error (RMSE). RSMEs b ingityvision methods and LVDT were 0.881 mm (Caml),
0.829 mm (Cam2), and 0.22
LVDT were 0.823 mm (C

( , respectively. RSMEs between dual-vision methods and

0.507 mm (Cam1-3), and 0.949 mm (Cam2-3), respectively.

The measurements fro sion and dual-vision matched well with the LVDT measurement.

In addition, the m placements were found consistent for single—vision setting (Figure

sighilar is study. When using single-vision, a strong assumption is required that allows only
in- movement. The reason that both dual-vision and single-vision achieved similar accuracy
in our study is that the excitation only caused in-plane vibration, meeting the required assumption
for single-vision measurement. The implementation of augmentation strategies (GLDD and multi-

vision) could address mild- and medium-level motion blur. However, when the motion blur is too
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568  severe (e.g., vibration near natural frequencies), data fitting is needed to supplement and help

569 interpolate/estimate the missing measurement.
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572  Figure 14. (a) Time histories of designed displaggmen and LVDT measurement, (b) the differences
573  between single-vision measurements and LVDT, a differences between dual-vision measurements

574 and LVDT.
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576 = Figure 15. Displacement measured by single-vision method on (a) 3 floor, (b) 2™ floor, (c) 1* floor, and

577  (d) base.
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579  Figure 16. Displacement measured by dual-vision method on (a) Srd%b) 2" floor, (c) 1* floor, and
580  (d) base.

581  5.3. Data Fitting with Filter and Smoother

582 When motion blur was at mild or medg n the experiment, the proposed GLDD

583  method could restore some images for feature s but could not resolve severe image blurs.

584  Excessive motion blur was studied using fifering and smoothing methods to estimate the missed

585  measurements. The virtual meas n the 3™ floor of the FE model was used to evaluate the
586 measurement estimation. T4go virt complete measurements between the two thresholds
587 (|ld;| <10 mm as shown i e 17a-b, and |d,| <15 mm as shown in Figure 17c-b) were

588  masked with (k, i) wit@ e window of 12 s<t;, <15 s. The masked observations were treated
589 as failed/missed o s ((?%);, (k,i) € M). If the number of measurements for a single
590 degree of free stem is one, i can be dropped and the failed/missed observation can be
591  presented . % € M) . Incomplete measurements were used to restore the unknown

592  obse

e sampling time was dt = 0.0167 s to simulate vision-based measurement. The
593 rtual) measurements were within 12-15 s excluding the raw detections and the GLDD
59 1on, to simulate the actual misdetection caused by the severe motion blur. In the KF and
595 \\ smoother setting, the initial system matrix was set as A, = [1, dt; 0,1], the initial guess of the state

596  wassetas X, = [0,0]7, and control was not considered in process equation. The covariance matrix
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597  of the process Q, was set as [0.5, 0; 0, 0.5], and the dynamic model/transition matrix was set as

598 Rj = 0.1 mm? based on the RMSE’s in the evaluation of vision-based methods.
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600  Figure 17. Data fitting performance of Kalman fil T§ smoother in two scenarios with (a-b)

601  medium-level and (c-d) severe-level of (virtual) s from FE analysis.

602 Figure 17 shows the performance of measur@gent fitting using KF and RTS smoother within

603  the two incomplete time history data from 12-15 s. When there was a small number of

604  missed measurements, e.g., 12.2@% ong the local time window of 12-15 s as 2.44%
KF

605  misses among the whole 0-

worked by neglecting the correction step (Figure 17a).

o

606 However, when there were erable number of missed measurements, e.g., 38.89% misses

607  within the local time of 12-15 s as 7.78% misses within the whole 0-15 s, the covariance
608  matrix P, for st arged without the necessary correction step. It was observed that the
609  larger 13.810 SE occurred for KF estimation in severer blur case (Figure 17c) compared
610 to4.720 SE%n mild blur case (Figure 17a).
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Figure 18. Data fitting performance of RTS smoother in experiment measurements from (a) single-vision
(Caml) and (b) dual-vision (Cam1-2).

The RTS data fitting took all available measurements into consideration, yielding better
estimation performance (Figure 17b-d) with an improved RMSE of 0.727 mm and 1.640 mm for\
both mild and sever cases. The proposed RTS smoother-based fitting method was a
implemented on the CV-based displacement measurements on the 3™ floor in the actual sha
test. The parameters of the RTS smoother for the experimental measurements were chos e

measurement from the GLDD are denoted as gray dots and blue crosses, r

estimation using the RTS smoother in single-vision case (Figure 18a) and dua
18b) are denoted as red diamond symbols. The data fitting results showe( ry estimation

@-based data fitting module,

oviding modal information for

using RTS smoother.

5.4. Application of System Identification

After augmentation from the deblurring module and RT

the measurement result can be used for system ident@

future applications (e.g., modal updating, structur dentification). System identification

can be based on structural displacements, ee, forced, or ambient vibrations. To

demonstrate the application of CV-based mgasurcigents in system identification, three output-only

system identification methods of frequ omain decomposition (FDD) (Brincker et al., 2001),

second-order blind identification

identification (SSI) (Van Ove

(B¥louchrani et al., 1997), and stochastic subspace
hee &®e Moor, 2012) were compared using both the virtual (from

FE analysis) and experiment
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Figure 19. (a) Free-vibration displacements measured by dual-vision CV, and (b-d) the first three modal

shapes from the system identification using FDD, SOBI, and SSI methods.
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Table I shows that the identified modal frequencies of the first three modes match well with
the FEM modal analysis from OpenSees. Modal assurance criterion (MAC) values for all three
modes are above 0.96 (except SOBI for mode-3 with 0.53) indicating a satisfactory performance
of FDD and SSI compared to SOBI. System identifications were also performed using the\
experimental displacements (e.g., free vibrations in Figure 79a) measured by proposed met@
The identified modal frequencies (see Table 1) are very close with the 1% frequency ide a
5.15Hz (FDD), 5.15 Hz (SOBI), and 5.14 Hz (SSI). The average differences between t ﬂ&td
modal frequencies using FDD, SOBI, and SSI with the FE-based modal frequegicieS\are 9.4%,
6.7%, and 4.3% for modes 1, 2, and 3, respectively. Figure 19b-d show the ﬁr@ ode shapes
using the experimental measurements. It is found that the mode shapes b&ee D and SSI are
close to each other, especially for mode-2 and mode-3. In general, id@gtiTication results were
consistent among the three methods using proposed multi-visim@ .

6. Conclusion @

The study proposed a multi-vision monitori @ using low-cost cameras to measure
entations from novel application of deep

triebel (RTS) Smoother. The proposed global-

structural displacements in shake table tests
learning-based image deblurring and Rauch-Tun
local deblurring and detection (GLD ule was able to restore clearer images for feature
detection, especially when deali%nil evel motion blur with average restoration rates of
92.1%. The restoration rateS\droppe 50.6% for mild-level motion and further to 25.2% for
severe-level motion with t asing severity of image blurs. Misdetections due to excessive
motion blur were, esl@ with filtering and smoothing-based methods using incomplete

S Wgoother is able to achieve a satisfactory data estimation (with a RMSE of
o

measurements.

1.64 mm) outpd ng Kalman filter (with a RMSE of 13.81 mm) in the scenario with severely

incomplet

sever@? especially when the misdetections were consecutive as typical in shake table tests.

%ons. RTS smoother helped accurately estimate missed measurement due to

ntation of GLDD module was tested in a shake table test of a three-story aluminum frame
was validated with linear variable differential transformer measurement. Results show the
potential of the proposed approach in measuring dynamic displacement. The proposed multi-vision
and GLDD strategies can retrieve 75.0% measurements from previous misdetections (by just using

raw images from one single camera) and the data fitting module can complete the rest.
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667 The main contribution of the study includes: (1) proposing a multi-vision displacement

668  measurement approach using low-cost cameras with novel deblurring module and RTS smoother-

669  based data fitting module to address the motion blur issue; (2) studying the effectiveness of the

670 modules in dealing with different levels of motion blur in shake table tests; (3) providing the\

671  guidelines for using the proposed approach in shake table tests and the augmented displacer@

672  that can be used in the further structural analysis. The proposed method can be employed iv@
t

673  of other applications (e.g., structural dynamics, finite element model updating) and b 0

674  real-world applications, such as deflection measurement of bridge due to traffic vibration
675  monitoring on high-rise buildings in earthquakes, and monitoring of relative d
U

676  key structural members (e.g., inter-story, beam-column joints). One limit&
is

nt between

e study is that:

677  although the proposed multi-vision scheme and deblurring ul found to retrieve
678  misdetections due to mild and median motion blur, but it cann images from excessive
679  motion blur, which is still a challenging issue for image profe ®In addition, the effectiveness

680  of the proposed method using natural structural fea@ der challenging environmental
¢

681  conditions (e.g., poor illumination, occlusion of fe ains to be studied due to the limited

682  extent of this work. Future works will focus s of, such as effects of challenge conditions

683  (e.g., illumination, occlusion) in real apglicatiof®scenarios, faster algorithm on displacement

684  estimation, and error analysis of sensor ment of the multi-vision system.
685

686  Acknowledgment

687 The authors thank Dr.
688  shake table facilitigs.

689  Barra, and Ms. Ay
690 by the Florida Jlepd

¥ackie from the University of Central Florida for providing the

m Mr. Mostafa Iraniparast, Mr. Seyed Sina Shid-Moosavi, Ms. Lisa

0 the experiments is appreciated. This research is partially supported
ment of Transportation (grant no.: BDV24 562-14 and BED26 562-4) and
691  the Florid >nt of Environmental Protection William W. “Bill” Hinkley Center for Solid
692 and H a@Jas ¢ Management (award no.: AWDO08952, project no.: P0184923).

693

694 A@ ontribution:

69 e authors confirm contribution to the paper as follows: study conception and design: P. Sun;
696 W data collection: M. Vasef; analysis and interpretation of results: P. Sun, M. Vasef; draft manuscript
697 ¥ preparation and revision: P. Sun, M. Vasef, L. Chen. All authors reviewed the results and approved
698  the final version of the manuscript.

699
700 References

31



701
702 Abdel-Aziz, Y. I., Karara, H. M., & Hauck, M. (2015). Direct linear transformation from comparator

703 coordinates into object space coordinates in close-range photogrammetry. Photogrammetric
704 engineering & remote sensing, 81(2), 103-107.

705 Belouchrani, A., Abed-Meraim, K., Cardoso, J.-F., & Moulines, E. (1997). A blind source separation

706 technique using second-order statistics. IEEE Transactions on signal processing, 45(2), 434-444, \
707 Bezcioglu, M., Yigit, C. O., Karadeniz, B., Dindar, A. A., EI-Mowafy, A., & Avci, O. (2023). Evaluation of
708 real-time variometric approach and real-time precise point positioning in monitoring dynamsi
709 displacement based on high-rate (20 Hz) GPS Observations. GPS Solutions, 27(1), 43. @
710  Brincker, R., Zhang, L., & Andersen, P. (2001). Modal identification of output-only systems u

711 frequency domain decomposition. Smart Materials and Structures, 10(3), 441.

712 Choi, H.-S., Cheung, J.-H., Kim, S.-H., & Ahn, J.-H. (2011). Structural dynamic displacemer@visio® system
713 using digital image processing. Ndt & E International, 44(7), 597-608.

714  Chu, A. (2005). CHAPTER 17 - Sensors for Mechanical Shock. In J. S. Wilson (Ed. r B¥chnology

715 Handbook (pp. 457-480). Newnes. https://doi.org/https://doi.org/1 B9/8-075067729-
716 5/50057-4

717 del Rey Castillo, E., Allen, T., Henry, R., Griffith, M., & Ingham, J. (2019)RigMgLizhage correlation (DIC)
718 for measurement of strains and displacements in coarse, Iow@-fraction FRP composites
719 used in civil infrastructure. Composite Structures, 212, 4

720 Dong, C.-Z., Bas, S., & Catbas, F. N. (2020). A portable monitoring @ pech using cameras and computer
721 vision for bridge load rating in smart cities. Journal i ctural Health Monitoring, 10,

722 1001-1021.
723 Dong, C.-Z., & Catbas, F. N. (2021). A review of c on—based structural health monitoring at
724 local and global levels. Structural Health 20(2), 692-743

725  Gao, X., & Zhang, T. (2021). Introduction to visual SLAR:
726  Greenbaum, R. J., Smyth, A. W., & Chatzis, M. W. (2016). Monocular computer vision method for the

727 experimental study of three-dimen rocking motion. Journal of Engineering Mechanics,
728 142(1), 04015062.

729 Guo, J., liao, J., Fujita, K., & Tak i ). Damage identification for frame structures using vision-
730 based measurement. Egilineering'Structures, 199, 109634.

731 Han, K. a. W., Yunhe and TianQ Guo, Jianyuan and Xu, Chunjing and Xu, Chang. (2020). GhostNet:
732 More Features Fr, 'ayOperations. InProceedings of the IEEE/CVF conference on computer
733 vision and p cdynition 2020 (pp. 1580-1589).

734 Kogut, J. P., & P|Ieck . Application of the terrestrial laser scanner in the monitoring of earth

735 structur osciences 12(1), 503-517.

736 Kroglus M er, A., & Olson, E. (2019). Flexible layouts for fiducial tags. 2019 IEEE/RS)J

737 onference on Intelligent Robots and Systems (IROS),

738 Kupyn , V., Mykhailych, M., Mishkin, D., & Matas, J. (2018). Deblurgan: Blind motion

739 deb rring using conditional adversarlal networks Proceedings of the IEEE conference on

740 puter vision and pattern recognition,

7 K . a. M., Tetiana and Wu, Junru and Wang, Zhangyang. (2019). DeblurGAN-v2: Deblurring

74 (Orders-of—Magnitude) Faster and Better. Proceedings of the IEEE/CVF International Conference
743 on Computer Vision (ICCV), 2019, pp. 8878-8887.

744 Liu, Y., Haridevan, A., Schofield, H., & Shan, J. (2022). Application of Ghost-DeblurGAN to Fiducial Marker
745 Detection. 2022 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),

746 Ma, Y., Soatto, S., KoSecka, J., & Sastry, S. (2004). An invitation to 3-d vision: from images to geometric
747 models (Vol. 26). Springer.

32


https://doi.org/https://doi.org/10.1016/B978-075067729-5/50057-4
https://doi.org/https://doi.org/10.1016/B978-075067729-5/50057-4

748 Ma, Z., Choi, J., & Sohn, H. (2022). Real - time structural displacement estimation by fusing

749 asynchronous acceleration and computer vision measurements. Computer - Aided Civil and
750 Infrastructure Engineering, 37(6), 688-703.

751 Mazzoni, S., McKenna, F., Scott, M. H., & Fenves, G. L. (2006). OpenSees command language manual.
752 Pacific earthquake engineering research (PEER) center, 264(1), 137-158.

753 Muralikrishnan, B. (2021). Performance evaluation of terrestrial laser scanners—A review. Measurement\
754 Science and Technology, 32(7), 072001.

755  Olson, E. (2011). AprilTag: A robust and flexible visual fiducial system. 2011 IEEE international

756 conference on robotics and automation,

757 Ramakrishnan, S. a. P., Shubham and Gangopadhyay, Aalok and Raman, Shanmuganathan.

758 Generative Filter for Motion Deblurring. InProceedings of the IEEE international

759 computer vision workshops 2017 (pp. 2993-3000).

760  Rychlicki, M., Kasprzyk, Z., & Rosinski, A. (2020). Analysis of accuracy and reliability t types of
761 GPS receivers. Sensors, 20(22), 6498.

762 Sandler, M. a. H., Andrew and Zhu, Menglong and Zhmoginov, Andrey and C iang-Chieh. (2018).
763 MobileNetV2: Inverted Residuals and Linear Bottlenecks. InProceedin e IEEE conference
764 on computer vision and pattern recognition 2018 (pp. 4510-45

765 Sarkka, S. (2008). Unscented rauch--tung--striebel smoother. IEEE tral ns on automatic control,
766 53(3), 845-849.

767  Sarkka, S., & Svensson, L. (2023). Bayesian filtering and smoothi 17). Cambridge university press.
768 Spencer Jr, B. F., Hoskere, V., & Narazaki, Y. (2019). Advanc ter vision-based civil

769 infrastructure inspection and monitoring. En , 509), 199-222.

770 Sun, P., Bachilo, S. M., Lin, C. W., Nagarajaiah, S.,& We , K. B. (2019). Dual - layer nanotube -

771 based smart skin for enhanced nonconta irNsensing. Structural Control and Health

772 Monitoring, 26(1), e2279.

773 Sun, P., Draughon, G., Hou, R., & Lynch, J. P. (A822). Automated Human Use Mapping of Social

774 Infrastructure by Deep Learning Applied to Smart City Camera Systems. Journal of

775 Computing in Civil Enginee
776  Van Overschee, P., & De Moor,B. (20 space identification for linear systems: Theory—
777 Implementation—AppliQ inger Science & Business Media.

778  Wang, J., & Olson, E. (2016). A® 2: Efficient and robust fiducial detection. 2016 IEEE/RS)
779 International Co
780  Welch, G., & BishoppG, ( n introduction to the Kalman filter.

781  Xu, Y., Chen, D.-M,, m 2019). Operational modal analysis using lifted continuously scanning
782 laser Do i eter measurements and its application to baseline-free structural damage

783 identific urnal of Vibration and Control, 25(7), 1341-1364.
784 Yang, Y., Ju rn, C., Park, G., Farrar, C., & Mascarefias, D. (2019). Estimation of full - field

, 04822011.

785 rains from digital video measurements of output - only beam structures by video
786 @m processing and modal superposition. Structural Control and Health Monitoring, 26(10),
787 8.

7 Z Wen, Y., Zhao, W., & Liu, Y.-J. (2020). View planning in robot active vision: A survey of systems,
78 algorithms, and applications. Computational Visual Media, 6, 225-245.

790 W Zhang, D., Guo, J., Lei, X., & Zhu, C. (2016). A high-speed vision-based sensor for dynamic vibration

791 analysis using fast motion extraction algorithms. Sensors, 16(4), 572.

792  Zheng, W., Dan, D., Cheng, W., & Xia, Y. (2019). Real-time dynamic displacement monitoring with double
793 integration of acceleration based on recursive least squares method. Measurement, 141, 460-
794 471.

33



795  Zona, A. (2020). Vision-based vibration monitoring of structures and infrastructures: An overview of
796 recent applications. Infrastructures, 6(1), 4.

797

N
o)

4

&

o0

34





