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SUMMARY

Recent reports on America’s infrastructure have emphasized the importance of structural health monitoring of civil
infrastructures. System identification is a key component of many structural health monitoring strategies. Current
system identification methods estimate models of a structure by measuring displacements, accelerations, and
strains with wired or wireless sensors. However, these methods typically involve installation of a limited number
of sensors at discrete locations and require additional data acquisition devices. To overcome these limitations,
computer vision-based techniques have been introduced recently that employ high-speed and high-resolution cam-
eras. Such cameras can be quite costly and require tedious installation of targets. This paper investigates the po-
tential of using consumer-grade cameras for structural system identification without the need to install targets.
The underlying methods for target-free displacement measurements are introduced, including region of interest se-
lection, feature detection, point tracking, and outlier removal. A set of experiments are conducted to assess the ef-
ficacy of the proposed approach by comparing the accuracy of the identified model with one obtained using a
conventional wired system. Careful comparison of the results demonstrates the significant potential of the pro-
posed approach. Copyright © 2016 John Wiley & Sons, Ltd.
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1. INTRODUCTION

The American Society of Civil Engineers’ report card gave America’s civil infrastructure an overall D+
in 2013. This report indicates a total of $3.6 trillion is needed to rehabilitate existing infrastructure sys-
tems [1]. National budget priorities do not allow for this high level of investment, so many existing in-
frastructure systems will be left deficient. Determining prioritization of the maintenance, repair, and
replacement of this infrastructure requires inspection, a process that can be costly and prone to error.

In the case of large-scale infrastructure systems such as bridges and high-rise buildings, diverse dy-
namic loads, including traffic, wind, and earthquakes can aggravate the condition of the structures.
Structure health monitoring (SHM) has been proposed to ensure the safety of civil infrastructure. Ac-
cording to Kim [2], the goal of SHM can be outlined as (i) cost-effective assessment of structural per-
formance, (ii) load estimation, (iii) detection and location of damage, and (iv) structural prognosis. A
key component of SHM is system identification, the focus of which is to build an effective model of the
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structural system. The identified model and system properties can be used to update analytical models
and potentially identify damage.

Structural system identification requires acquisition of structural responses such as displacements,
accelerations, and strains. The associated wired sensors can capture the structural behavior accurately,
but require the sensors be directly attached to a structure. Furthermore, additional data acquisition
(DAQ) devices and the accompanying long wires make the measurement procedure tedious [3]. Wire-
less sensor have been proposed to overcome cabling problems with measurement of the dynamic re-
sponse of structures [4,5]. While the enhancements in both the hardware and software aspects of
improved the performance of wireless sensors, these methods are still challenged by the need for man-
ual installation of the sensors.

Recent computer vision-based techniques provide an opportunity to measure the dynamic move-
ment of the structures with minimal effort. Compared with conventional measurement instruments,
these methods do not require installation and maintenance of expensive sensor setups. Some of their
early examples of these methods are provided in Nogueira et al. [6], Chang and Xiao [7], Khalil [8],
and Lee et al. [9], which present a method for displacement measurement using specially designed tar-
gets. Morlier [10], Ji and Chang [11], and Caetano et al. [12] employ the optical flow-based method to
automatically measure the structural displacement from a sequence of images. Shih and Sung [13], and
Kim et al. [14] leverage the digital image correlation technique [15] to extract displacements of struc-
tures and show an example of characterizing vibration mode of a cantilever beam. Schumacher and
Shariati [16] use virtual visual sensors and measure the rate of change in intensity of certain points
to characterize dynamic motions for simple structures in both laboratory and field conditions. Fukuda
et al. [3] and Feng ef al. [17] used template matching technique called OCM to track points without
target panel.

Despite success in preliminary experiments, most of these vision-based measurement techniques still
have one or more of limitations among the next. First, these techniques either require installment of tar-
gets, which makes the process tedious, or employ a template matching algorithm, which may be compu-
tationally costly. Second, most of these techniques require relatively high-speed and high-resolution
cameras, or require additional acquisition equipment and lenses, which can be prohibitively expensive.
Moreover, issues such as temporal aliasing and sampling frequency variations have not been discussed.
Finally, most vision-based methods have been described and verified in the purpose of the displacement
measurement itself, but not for the dynamic analysis of the structures and system identification.

This paper develops a target-free approach for vision-based structural system identification using
consumer-grade cameras such as smartphones or action cameras. Recent consumer-grade cameras have
improved dramatically in terms of both frame rate and resolution. Now, a camera with 1920 x 1080 at
120fps (GoPro Hero 4 Black) is available, and today’s smartphones are capable of taking video with
1280 %720 at 240fps (iPhone6). The framework for using these consumer-grade cameras that are car-
ried by most people in the everyday life is discussed while eliminating the need for installing targets on
the structure. Also, a computationally effective data processing approach is proposed by tracking the
intrinsic features of the object using optical flow estimation [18], a method to estimate the relative mo-
tion between the scene. Outlier detection and subpixel measurement algorithms for structures were in-
troduced to minimize the error using such low-cost cameras. An experiment on a six-story model
building is conducted in which both accelerometers and the proposed vision-based system are used
to collect response data. The adequacy of any DAQ system can only be measured in terms of how
the data is going to be used, and thus, the accuracy of the identified model should be used as the metric
to assess the efficacy of the techniques for system identification. Therefore, to demonstrate the efficacy
of the proposed approach models are identified using ERA, a popular system identification method, the
accuracy of the natural frequencies, and the modes shapes of the identified a models are compared.

2. APPROACH

Figure 1 shows the overview of the proposed method. The underlying pipeline is composed of three
main components: (i) camera calibration, (ii) vision-based displacement measurement, and (iii) system
identification. The section presents the details of each component.
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Figure 1. Overview of the target-free vision based system identification.

2.1. Camera calibration

The first step in the proposed approach is camera calibration. Modern consumer-grade camera lenses
have improved dramatically in recent years. However, the recent trend toward small, lightweight,
low-cost, and high-definition action cameras, such as GoPro or those used in commodity smartphones,
often employ very wide angle lens. These lenses increase the field-of-view by intentionally introducing
significant radial distortion. To remove this distortion and get accurate displacement measurements
using consumer-grade cameras, performing camera calibration is necessary.

The camera calibration process determines the pixel scaling factor, camera focal length, lens axis
offset, and the lens distortion characteristics, which then allows the uncalibrated video images to be
transformed into calibrated images, from which displacement measurements can be extracted. To re-
move distortion effects, the camera calibration method reported by Zhang [19] was employed in this
work. For completeness, the method is briefly reviewed here. The method uses a pinhole camera model
and precisely estimates the focal length (f), radial distortion (k; and k,), rotation matrix (R), and trans-
lation vector (T). The formula for projecting a 3D point X into a camera is as follows:

P=RX+T (1)

where X is in global coordinates and P is the projection on the 2D image with homogenous coordi-
nates. By dividing P by its third component P_, the perspective is taken into account as follows:

p= —P/P; 2
Finally, the radial distortion function, r (p), is defined as
r(p) = 10 +ki|Ipl* + k2 llpll* 3)
and used to convert p into the undistorted coordinates p’
p = frp)p “)

The distortion function is required to be estimated only once for each camera, and can be used to
undistort the image frames obtained from any video taken by the camera.

2.2. Vision-based Displacement Measurement

Once the camera is calibrated and the image distortion is removed, the dynamic response of structures
is determined by analyzing the video frame-by-frame. This process involves four consecutive steps,
which are shown in Figure 2: (i) selecting a region of the interest (ROI), (ii) detecting features, (iii)
tracking the detected features, and (iv) removing tracking outliers.

Here, the ROI indicates the location of the object that needs to be tracked. Each ROI typically
contains several features, which are used for displacement measurement purposes. The ROI is
selected manually by drawing a box in the first frame of the video (more details are introduced in
Section 3).
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Figure 2. Data and process in the vision-based displacement measurement method.

To achieve reliable tracking, distinct (highly discriminative and salient) features need to be detected
from the objects of interest. These features should be invariant to changes in illumination, scale, and
pose (rotation and affine), as well as characterize the local proximity of the points of interest. There
are several feature detection methods that can be used for this purpose. In this paper, the corner detec-
tion method suggested by Harris and Stephens [20] is used to extract the features within the ROI in the
initial video frame. Harris corner detection works well with tracking methods such as the Kanade—
Lucas—Tomasi (KLT) algorithm [21], which will be discussed in the next section. The Harris corner
detection method characterizes the weighted sum of the squared differences of their intensities, assum-
ing that the transitional shift (x,y) is small. This relationship is expressed as

2 ol o \* .
Exy = XWuy [IX+u,)’+v - IM’V} = DX Wuy _xx + _y = (xy)M(xy) (%)

u,v u,v

where I, is the initial 2D video frame and /, .., , +, is the shifted frame. In this equation, M is the sec-
ond moment matrix that characterizes whether the intensity gradients are hirozontal or vertical, and is

expressed as
an\’ ar\ (a1
Ox 0x ) \ 0y
M= ; (6)
al\ [al ol
ox J \ Oy oy
Considering o and £ as the two eigenvalues of M — that is, the two directions of the fastest changes
of intensity gradients — then a corner will be found only when both « and f have large positive values.

To reduce the computational cost, the following response function is used calculate corner response M,.
instead of directly finding the eigenvalue values.

M, = Det(M) — kTr(M)? 7

where k is a tuuable parameter. M, will have high positive values in the corner region, negative in the
edge regions, and small in the lat region.

Once the feature are selected for the initial frame, the KLT algorithm [18,22] is adopted to track the
point features for the entire duration of a video. The intensity of a current frame, J(x), can be expressed
by using the intensity of the previous frame, /(x), as shown in Equation (8) by assuming a small motion
for the features.

J(x)=I(x—d)=1(x) —gd (3)

where d is the displacement vector between the two consecutive video frames and the gradient vector

g= (%, %) The residue € for a small window of pixels around the feature can be defined by the fol-

lowing equation:
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e=[[I(x—d) — J(x)*wdA = [[I(x) — g-d — J(x)]*wdA = [(h — g-d)*wdA 9)

where w is a weighting function and /= I(x) — J(x). To minimize the residue, the equation earlier can
be differentiated with respect to d and set the result equal to zero as
de

ﬁzj(h—g-d)gwdA:O (10)

Finally, the displacement vector d can be obtained by the following equation.
d=G"e (11)

where G = JggdeA and e=J(/— J)gwdA. For each feature x;, the displacement vector d; is calculated
using the KLT algorithm.

In this framework, the MLESAC modeling fitting method described in [23] was used to remove the
displacements that are not consistent with the dominant geometric transformation between two consec-
utive frames. This strategy minimizes the noise and out-of-plane errors. The motion of the ideal fea-
tures x (without any noise) between two consecutive frames can be expressed as the equation later.

x'i = Hx; (12)

where X; is the set of the homogenous images points of the features in the first frame, x’; in the next
frame, and H is the transformation matrix. In general, there are four types of transformation: (i) trans-
late transformation, which only consider the translation of the two coordinates, (ii) similarity transfor-
mation, which considers the scale together with the translation, (iii) affine transformation, which adds
skew of the motion, and (iv) projective transformation, which considers the full projective motion of
the object. In this paper, the transformation matrix was considered as projective transformation to take
account for out-of-plane motion of the structure. To estimate the projective transformation, four pairs
of features are required to be tracked. However, because of the noise, the result of the transformation
matrix may not be exact. Here, the residual error due to transformation is considered as the sum of the
distance between the original and transformed features in the consecutive frames. The MLESAC ran-
domly selected a minimal number of points and uses the expectation maximization algorithm together
with this reprojection error distance explicitly to minimize the likelihood estimate of the residual errors.
Hence, points that fit more closely to the underlying transformation model are considered more favor-
able than the points that are farther from the model. These inliers will then be tracked on the next video
frame using the KLT algorithm. This procedure is repeated until the last frame of the video. The dis-
placement of the object can finally be measured in pixels by tracking the center of the ROL

2.3. System Identification

Once the dynamic displacement of the features and the ROIs on the structure are obtained, the next step
involves analyzing the dynamic characteristics of the structure by using system identification. As
discussed in the introduction, system identification techniques estimate a mathematical model to repre-
sent the physical structure. In this paper, the eigensystem realization algorithm (ERA) proposed by
Juang and Pappa [24] is used to identify this system with known input.

Four sequential steps need to be conducted to identify the system using the ERA method (Figure 3).
First, Based on the displacements determined from the tracking algorithm, the power spectral density
(PSD) function can be obtained. Next, the transfer function is obtained by dividing the output PSD
function with the input PSD function. Finally, the impulse response function, which will be used as
the input of the ERA, can be obtained by applying inverse Fourier Transform.

- J J Transfer J Impulse B f-_ Identified
Figure 3. Flowchart for system identification.
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Eigensystem realization algorithm uses the impulse response function to construct Hankel Matrix,
which represents the data structure for the Ho-Kalman algorithm [25]. The Hankel matrix is
decomposed by singular-value decomposition to determine the order of the system. Finally, the system
can be obtained by finding the eigenvalues of the realized state matrix.

3. VALIDATION TEST
3.1. Test Setup

An experiment is designed to verify the proposed method. More specifically, the purpose is to verify
whether the proposed method can leverage commercially available cameras to characterize the struc-
tural displacements at wide frequency ranges and use these measurements for system identification pur-
poses. The six-story building model was selected to validate the proposed method for multi degree of
freedom (DOF) structures with broad frequency ranges. To measure accuracy, the identified system
will be compared with the accelerometers results as a reference solution.

Figure 4 shows the different components of the experiments, where the analyzed structure is a six-
story model with equally distributed masses that are connected through elastic springs. The model is
fixed on a uni-directional shaking table with maximum displacement stroke of 5 inches. The model re-
sponse is recorded using two different instruments, which are the following:

1. Cameras: two consumer-grade cameras are used to record the displacement output of the model
and the shaking table. These cameras are oriented perpendicular to the motion axis as shown in
Figure 5. The first camera is a GoPro Hero3 Black edition, which can record with frame rate of
120 fps with 720p spatial resolution (1280 x 720 pixels in progressive or non-interlaced scan-
ning mode in which all the rows of each videos frame are captured in sequence). The other is
the camera on an LG G3 smartphone with recording rate of 30 fps and a resolution of 1080p
(1920 x 1080 pixels, also in progressive mode). In order to improve the accuracy in detecting
features necessary for displacement measurements, a fixed white background is used behind
the experiment setup. The camera calibration procedure as discussed in Section 2.1 was per-
formed to the two cameras, and radial distortions were removed prior to conducting the
experiments.

2. Reference sensors: six accelerometers are attached to the different stories of the structure in ad-
dition to one accelerometer attached to the shaking table that measures the input accelerations.
The accelerometers are connected with wires to a DAQ system called VibPilot, which, in turn, is
connected to a computer to record the response. For each sensor, the sensitivity is 100 mV/g and
a weight of 0.95 oz, while the sampling frequency is adjusted to be 1024 Hz with anti-aliasing

filter on.

LG G3
! 6 story Phone

maodel

Shaking

Table

Figure 4. Different components for the validation experiment.
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(b) (©)

Figure 5. The computer vision based discplacement measurement procedure; (a) the region of the interest

selection, (b) feature detection, and (c) tracking features within each region of the interest.

In order to excite the different structure modes of vibration, a band-limited white noise (BLWN) is
adopted as an input motion in this experiment, which can be designed to cover a wide range of frequencies.

3.2. Displacement Results

Based on the described test setup, the experiment is executed, and the recorded videos are analyzed. As
mentioned before, the KLT tracker is utilized to track the features from the model during the analysis.
The procedure adopted to determine the displacement from the recorded video can be summarized as
follows:

1.

The video is calibrated to remove the optical distortions for accurate displacement measurement.
The user specifies the region of interest for each DOF in the model as shown in Figure 5a. Af-
terwards, the Harris corner detection is applied to detect the features within each of the specified
regions, Figure 5b.

The KLT algorithm tracks the detected features and determines their pixel coordinates (motion
trajectories) throughout the subsequent frames in the recorded video, Figure Sc.

The MLESEC algorithm is used to remove the outliers and calculate the rigid motion of the ob-
ject. The determined coordinates are subtracted from the initial values to calculate the relative
motion of the features.

A scaling factor was calculated to transform the units of the displacements from pixels to phys-
ical unit, which can be obtained by measuring a known length in the model. In this experiment,
the scaling factor was 22 pixel/inch.

A band-pass filter is applied to eliminate any unwanted noise that might be induced during the
testing process. In this experiment, the elliptic filter with band-pass width of 1 to 120 Hz was
applied.

Using the proposed procedure, the displacement response are plotted against the time series for the
six stories in the analyzed model as shown in Figure 6. In these results, the model was subjected to the
BLWN input, and GoPro camera was used to record the video. Using the measured displacement by
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Figure 6. The displacement response by band-limited white noise for the six-story building.
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Figure 7. Comparison between the transfer functions using different measuring instruments (Figure best
seen in color).

proposed method, frequency response function (FRF) was calculated as shown in Figure 7. The lower
frequency ranges of the FRF obtained from the proposed vision-based system showed more accurate
result compared with the measurement by reference sensor (accelerometer). On the other hand, the
higher frequency ranges of the FRF obtained from the proposed system had some noises (especially
for G3), because low frame rate of the cameras (which can be corresponding to sampling rate of the
sensor measurement) will introduce some noises at the higher frequency ranges caused by temporal
aliasing. The temporal aliasing issue will be discussed more in detail in the next section.
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3.3. System Identification results

In this section, a system identification technique is applied to the six-story model when subject to the
BLWN input motion. Both of the consumer-grade cameras (GoPro Hero3 camera 120 fps and the LG
G3 smartphone camera 30 fps) were used to document this experiment. The results are then compared
with the reference accelerometers attached at each DOF of the model as described in the test setup sec-
tion. The accelerometers recorded the data at a rate of 1024 Hz to achieve a reliable system results rel-
ative to the both cameras. In addition, anti-aliasing filter was applied through the data acquisition
system to eliminate the effect of frequencies above the Nyquist value. The state space matrix and
the modal properties of the system are evaluated using the ERA method. The displacements determined
from the two cameras and the accelerations measured using the accelerometers are utilized for compar-
ison purposes.

According to the state space matrix identified for the tested model, the natural frequencies and the
mode shapes can be determined. Table I shows the natural frequencies using the different instruments.
In these results, the accelerometers are assumed to provide the most reliable results. The cameras were
able to capture the natural frequencies within errors of about 0.2% and 0.7% for the GoPro and LG G3
cameras, respectively. It can be observed that the GoPro camera achieved more accurate results com-
pared with the LG G3 camera for the six natural frequencies. This results is due to the higher recording
frame rate of the GoPro camera, which provides more reliability to the estimated system.

Figure 8 compares the mode shapes of the structure estimated using ERA method. It can be ob-
served from the figure that, except the sixth mode, which could not be captured accurately by LG
G3 due to the low frame rate, the other mode shapes follow a similar pattern and have relatively close
magnitudes for the six DOFs. A closer examination reveals that the mode shapes using LG G3 (1080p)
has better accuracy (Avg. RMS error of 0.08) than the one generated with the GoPro (720p) measure-
ments (Avg. RMS error of 0.11). This result can be justified because the higher camera resolution

Table I. The natural frequencies for the different measurement cases.

Natural frequencies (Hz) Error (%)
Mode Reference GoPro LG G3 GoPro LG G3
1 1.657 1.660 1.652 0.164 —0.323
2 5.038 5.038 5.004 —0.001 —0.684
3 8.138 8.143 8.086 0.065 —0.639
4 10.833 10.834 10.759 0.004 —0.689
5 12.930 12.931 12.850 0.008 —0.623
6 14.339 14.368 14.303 0.205 —0.252
Mode 1 Mode 2 Mode 3 Mode 4 Mode 5
Sensor ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
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Figure 8. Comparison of the mode shapes estimated using eigensystem realization algorithm method.
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allows the tracking algorithm to detect the vibration amplitude more precisely. Therefore, it can be
concluded that the higher frame rate results in better accuracy in the temporal domain results (e.g., nat-
ural frequency), and the resolution of the pixel provides better result in the spatial domain (e.g., dis-
placement amplitude and mode shape).

4. DISCUSSIONS

This paper presented a new computer vision-based method toward identifying the dynamic character-
istic of structures, which does not require targets and can leverage commercially available cameras.
Despite promising results, there are several research challenges that remain open for future investiga-
tions. These challenges include the following:

1. Selecting the ROI Box: Selecting the ROI is the only procedure where user input is required.
However, this procedure can affect the quality of the result significantly. First, if the ROI is
too large and not local (Figure 9a), then some of the features might fall outside of the boundaries
of the object of the interest. If compared with the number of features in the object of the interest,
an object, other than the object of the interest, has more features that are likely going to be de-
tected and tracked, and then these features need to be removed by considering as outliers. On the
other hand, if the ROI is too small (Figure 9b), then the number of the features detected inside
the box will be too small, which will challenge the application of the tracking method. Finally, if
the object of the interest is not rigid (Figure 9c), then the features in the object will not have a
consistent motion. One thing to note is that the transformation matrix discussed in Section 2
considers projective transformation. If the object has multiple DOF, then only one mode, which
has the largest numbers of features, will be tracked, and other modes will be neglected.

By considering the issues discussed earlier, the boundaries of the regions of the interest should be se-
lected carefully by following directions. First, the size of the ROI bounding box should be selected
such that the number of features in the object of interest is greater than the number of features in
any other object in the ROI. Second, the size of the ROI should be selected such that at least four fea-
tures (i.e., eight values) exist in the ROI considering the requirements for the projective transformation.
Minimum of three set of points are required to obtain affine transformation matrix, however, consider-
ing noise and imperfection of the processes, selecting more than three points is recommended. Finally,
the object of the interest should be firmly rigid.

Current Frame Next Frame
ROI Box
: The tracker might track other
{a) I ROIis too object than the object of the
large interest
If ROI is too :
(b)  small | All the feature points

might be lost

The displacement of the
features might not be
consistent

If the object is
(c) not rigid

Figure 9. Practical issues associated with selecting the boundaries of the regions of the interest.
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2 Temporal Aliasing: Professional high-speed cameras are currently being used for the dynamic
displacement measurement necessary for structural system identification. However, these cam-
eras are heavy and are also expensive. In contrast, consumer-grade cameras such as smartphone
or GoPro cameras are inexpensive and are convenient to use. Most importantly there are widely
available. While these cameras have a number of advantages, they still suffer from temporal
aliasing effects. Compared with the high-speed cameras, the consumer-grade cameras usually
have low frame rate (e.g., 30 or 60 fps). When structure response has frequency of higher than
half of the frame rate, the measured displacement will contain aliased information from higher
frequencies. The aliasing effect can be usually removed in wired/wireless sensor system by hav-
ing anti-aliasing filter. However, the temporal aliasing cannot be removed in vision-based sys-
tems, because the images are already aliased when taking the digital images. Therefore, the
maximum frequency of the structure response that a camera can measure will be half of the frame
rate (fps or Hz). When the highest frequency exceeds the half of the frame-rate exists, a camera
with higher frame will be required otherwise the measured displacement will be incorrect.

3 Inaccurate Frame Rate: Another issue with the frame rate in consumer-grade cameras is that not
only the rate is low, but also this rate is typically inaccurate and is sometimes unreliable. The
frame rate provided in camera specifications is not accurate enough to be used in the method pro-
posed in this paper. For example, the camera on the LG G3 smartphone exhibits the frame rate of
30 fps in its specification. However, the actual/recorded frame rates in the meta-data were 29.45
fps, which reveals an offset of about 2%. The error in frame rate can introduce significant error in
the measurement of the natural frequency of the structures; therefore, the frame rate should be
accurately obtained by using the metadata before the proposed method is deployed.

4 Perpendicular to the Line of Sight of the Camera: The proposed method and the validation was
performed under the assumption that the vibration of the structure is taken perpendicular to the
line of sight of the camera. However, in some situations, it might not be easy to have this con-
ditions because of obstacles and other environments. When the video is taken in such conditions,
additional picture will be taken with perpendicular view, and the resulted tracked points in non-
perpendicular view will be transformed into the coordinate that is perpendicular to the structure
by Homographies [26].

5. CONCLUSION

This paper presented a target-free vision-based method for system identification using inexpensive
consumer-grade cameras. The method is composed of three procedures: (i) camera calibration, (ii)
vision-based dynamic displacement measurement, which extracts the features with Harris comer detec-
tion, tracks the features by KLT tracker, and removes the outliers by MLESAC algorithm, and (iii) sys-
tem identification using the ERA. Different from the state-of-the-art vision-based system identification
methods that require targets and professional cameras, the proposed method enables the dynamic char-
acteristics of structures to be derived with consumer-grade cameras without attaching any artificial tar-
gets to the structures. To validate the proposed method, response of a six-story model in a shaking table
was measured by two consumer-grade cameras together with the reference accelerometer. The exper-
imental results show that proposed method has potential to identify the natural frequency and the mode
shape with reasonable levels of accuracy. The practical considerations and limitations of the proposed
system including the ROI selection, aliasing, and inaccurate frame rate were discussed. Future works
include full automation process of the proposed method, utilizing the method with moving cameras
and applying it to cameras mounted on moving platforms such as unmanned aerial vehicles.

SUPPORTING INFORMATION

Additional supporting information may be found in the online version of this article at the publisher’s
web site.
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