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Abstract.

The development of image sensors enables the application of vision-based techniques to the non-contact

displacement measurement of large-scale structures. The features of the physical targets are critical to the accuracy, stability and
anti-interference of the displacement measurement results. In this study, a novel m-sequence target and the associated circular
correlation processing technique are developed for real-time displacement measurement. The properties of the m-sequence as a
pseudo-random sequence are introduced. The vision-based displacement calculation method is then derived from the correlation
property of the m-sequence. The algorithms and measurement systems are integrated in the LabVIEW environment. To verify
the anti-interference performance of the developed system, static and dynamic experimental tests are carried out with various
forms of interference, such as partial occlusion, uneven illumination, out of focus and smoke effect. Experimental results
indicate that the developed system cannot only accurately measure structural displacement, but also has outstanding anti-

interference performance, even if 30% of the target is masked.
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1. Introduction

Structural health monitoring (SHM) aims at providing
valuable information for condition assessment and decision
making of maintenance through measurement of structural
loadings and/or responses (Brownjohn 2006, Ou and Li
2010, Koo et al. 2013, Xia et al. 2017, 2020). Structural
deformation is an essential metric of such purpose because
it is directly related to the structural stiffness (Yi et al. 2013,
Xia et al. 2014, Hu et al. 2019). Excessive deformation will
not only affect the structural serviceability but also
accelerate its degradation.

Traditional displacement sensors such as the linear
variable differential transformers (Li and Hao 2016) are
convenient to be used in laboratories but not on a real-life
structure for several reasons, for example, a stable platform
near the measurement points is required to install the
sensors; in addition, the measurement stroke is limited.
Advanced sensors such as Global Position System (GPS),
Interferometric Radar, and Laser Doppler Vibrometer (Kim
et al. 2016) have been developed and applied for
displacement measurement in recent decades. However, the
accuracy of GPS is not sufficient and the sampling rate not
high for SHM. Although radar- and laser-based systems
provide high precision, the high costs hinder their wide
applications in practice.

In this regard, the computer vision-based measurement
techniques offer a significant potential for displacement
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monitoring of structures (Feng and Feng 2018, Bao et al.
2019, Casciati et al. 2019, Jung et al. 2019, Spencer et al.
2019), such as of high-rise buildings (Lee ef al. 2012, Chen
et al. 2017), short-span bridges (Catbas et al. 2012, Feng et
al. 2015, Xu et al. 2018) and long-span bridges (Jeon et al.
2011, Zhou et al. 2012, Ye et al. 2013). Most of the
techniques are developed based on one or several image
targets in a black and white plan with a specific geometric
shape, which is convenient for the camera to capture and
locate. Then, the displacement of the structure is determined
by calculating the number of moving pixels of the
geometric boundary.

Despite that the existing vision-based techniques have
received successes in measuring vibration displacements of
the experimental and in-field structures, two main
shortcomings exist. First, these techniques usually require
some complicated algorithms to process the image
information. The techniques are primarily enabled by the
template matching/registration techniques, including pattern
matching (Ye et al. 2013), edge detection, digital image
correlation (Busca et al. 2015), Hough transforms (Song et
al. 2014), the optical flow-based method (Caetano et al.
2011), the upsampled cross-correlation, orientation code
matching (Feng and Feng 2016), Lucas-Kanade template
tracking (Guo and Zhu 2016), multi-object tracking (Ye et
al. 2016a) and so on. Lately, efforts have been made to
eliminate the target panel and significantly improve the
convenience of testing (Khuc and Catbas 2017, Kuddus et
al. 2019), but there are still many problems for the accuracy
and robustness of measurement (Ribeiro et al. 2014, Yoon
et al. 2016). Most importantly, the natural targets cannot be
used for the long-term monitoring of structural displace-
ment due to its stability. So, the existing computer vision-
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based measurement techniques based on complex
algorithms are difficult for engineers to learn and apply.

The other drawback is that the traditional vision-based
displacement measurements are not robust in anti-
interference and subject to negative influence of
environmental factors, such as light intensity, air refraction,
shielding, focusing, etc. For example, Olaszek (1999) found
that the air turbulence has a more significant influence on
the short-term displacement measurement. Correlation-
based template matching is not robust to this effect apart
from testing during overcast weather, while the feature
point matching method was reported to be less sensitive
(Ehrhart and Lienhart 2015). The influence of lighting
variations might be reduced by enabling camera auto-
exposure settings (Xu et al. 2018). Lee et al. (2017)
presented a vision-based displacement measurement
approach tailored to a field-testing environment with
enhanced robustness to intense sunlight. Ye e al. (2016b)
conducted a series of experiments on a shaking table and
demonstrated that illumination and vapor have a critical
effect on the measurement results. Therefore, improving the
robustness and anti-interference is critical to the success of
the vision-based displacement measurement techniques.

In this connection, a novel pseudo-random sequence
based measurement technology is developed in this article.
The pseudo-random sequence is a regular periodical binary
sequence though looking like a noise one. m-sequence, or
maximal length sequence of linear feedback shift register, is
the most important and fundamental one (Peterson et al.
1995). Its most important property is the impulse-like
autocorrelation functions. In addition, it has many statistical
properties with white noise despite being entirely
deterministic and can be generated very quickly by the use
of the shift-registers. Accordingly, this coding technique

dramatically simplifies the image post-processing algorithm.
Meanwhile, the anti-interference performance of the
barcode target can be significantly improved by the
autocorrelation property of the m-sequence.

This article is organized as follows: First, the computer
vision-based displacement measurement system with the m-
sequence target is introduced briefly. Second, the m-
sequence coding technique and its autocorrelation theory
are deduced in detail. Next, the displacement measurement
techniques are integrated into the LabVIEW platform. The
accuracy and anti-interference are verified in the laboratory.
The conclusions are finally drawn.

2. The framework of vision-based displacement
measurement

The computer vision-based displacement measurement
developed in this study contains an industrial camera,
optical lens, m-sequence target, data acquisition and
processing software, which are introduced as follows.

The specific m-sequence target with coding and size
information is designed and fixed to the structure as shown
in Fig. 1. When the structure has vertical vibration, the m-
sequence target will also move with it. The industrial
camera captures the video of the target image at a fixed
frame rate. Then, the binary coded information of each
frame is processed in real-time and the circular cross-
correlation calculation with the local m-sequence is
calculated. The relative positions of the two cross-
correlation peaks correspond to the relative displacement of
the two frames at intervals. Finally, the dynamic
displacement of the structure can be obtained by combining
all the relative displacements. Since the correlation property
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Fig. 1 The schematic of computer vision-based displacement measurement with m-sequence target
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of the m-sequence carries the displacement information of
the structure, the anti-interference ability of the vision-
based displacement measurement system will be
significantly improved.

3. m-sequence coding technique and its
autocorrelation property

A pseudo-random sequence is a periodic binary
sequence with a noiselike waveform that is usually
generated utilizing a feedback shift register, which consists
of an ordinary shift register made up of & flip-flops (two-
state memory stages) and a logic circuit that is
interconnected to form a feedback circuit. Note that the “all
zeros state” of the shift register never occurs. As a result,
the pseudo-random sequence produced by a linear feedback
shift register with k flip-flops cannot exceed 2¥ — 1. In
fact, every linear feedback shift register with the maximum
cycle length (which is 2¥ — 1, where & is the length of the
linear feedback shift register) may be built from a primitive
polynomial of degree k over Galois Field (2), or GF(2)
(Peterson et al. 1995) in short. So, when the period is
precisely 2¥ — 1, the pseudo-random sequence is called a
maximal-length-sequence or simply m-sequence.

The m-sequence has some characteristics of white noise.
The most important property is the impulse-like
autocorrelation functions. The normalized (by the length of
the sequence) autocorrelation of a genuinely random
process will have a single peak equal to 1.0 only at the zero
offset point and virtually zero everywhere else. Each bit in
the m-sequence is also called a chip. If we convert the
values of the chips in the m-sequence 0 to 1 and 1 to —1 and
perform “circular correlation” of the m-sequence, the
normalized autocorrelation of the m-sequence can be
obtained as

N

Ro(@) = 3 Y xlreml(i + 0, N1} - x(©

i=1

(1)

where x(i) (i =1,2,---N) is an m-sequence with N-
length, and rem[(i + 7), N] represents the remainder of
taking N for i + t.

The normalized autocorrelation of an m-sequence with
N-length will also has a peak equal to 1.0 at the zero offset
point, and will drop linearly to a very low constant value
(equal to —1/N) at £T,. on either side of that peak (whereT,
is the time duration of one chip) (Welch et al. 2011) as

1.0

A
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shown in Fig. 2. The autocorrelation peak of the m-sequence
is sharp and large (maximal) upon synchronization (i.e., for
time shift equal to zero) and is minimal (very close to zero)
for any time shift different than zero. This confirms that the
m-sequence have the best periodic autocorrelation, and has
powerful anti-interference performance. The fact that any
timing offset more than +0.57, from an integer value of
T,. will result in a very low constant autocorrelation, which
is equal to —1/N. Note that for the very long sequences, the
—1/N term is approximately zero, and the autocorrelation
peaks are spaced so far apart that it appears to be very much
like random noise. On the other hand, Fig. 2 illustrates that
the longer the m-sequence length N, the larger the gain of
correlation peak and hence the more resistance to noise and
interference. Consequently, the m-sequence has a strong
anti-interference ability, even in a low signal noise ratio
condition. Based on this theoretical property, it will perform
displacement measurement based on the m-sequence target.

4. Implementation of the vision-based
displacement measurement with the m-
sequence target

The procedures of the real-time computer vision-based
displacement measurement with the m-sequence target are
described as follows:

Step 1: Target design

First, specify the primitive polynomial of &k degree
determines the k-stage shift register’s feedback connections.
An N-chip of m-sequence can be generated by MATLAB,
where N represents the number of chips in one cycle and is
equal to 2¥—1 . The m-sequence is defined as
x(0) (i=1,2,..., N). To ensure that the lens always captures
the target and the displacement of the structure will not
exceed the range of the target, the length of the target is
designed as a repeating two identical m-sequences. The
final sequence length is 2N. And then, the final sequence is
injected into the barcode image as shown in Fig. 3. The
middle portion of the target is a barcode corresponding to
the m-sequence, where black stripes indicate the code “0”
and white stripes indicate “1”. Besides, a bold black line is
added between the two m-sequences to facilitate the lens to
focus on the barcode. For the region of interest (ROI)
selection in Step 2, the boundary lines added on the target
ensure that the information included in ROI represents N-
length chips.

R.(7)

Fig. 2 The autocorrelation curve of m-sequence
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Fig. 3 A target barcode

The design target of the m-sequence has scale
information. The equally spaced black lines on both sides
are the reference scale, indicating that the image height of
each chip of the barcode is 4. The size of & corresponds to
the printing accuracy of the barcode. In the sequence
correlation calculation, the minimum resolution of the
correlation peak shift is the spacing of two chips. Therefore,
the theoretical accuracy measured by this method is +4. If
the measurement accuracy needs to be improved, the height
h of each chip can be reduced. On the other hand, the most
suitable focal length of the camera can be determined by
seeing the chips clearly.

Step 2: ROI selection

A ROI is a portion of an image that you want to filter or
operate on in some way. The focal length of the camera is

Boundary box of
the ROI
(Image A, UxV) |

V(Pixels)
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adjusted to focus on the target center. The ROI is precisely
aligned with a cycle-length barcode through the boundary
lines. The image A (UxV) of ROI is shown in Fig. 4. If the
ROI is set to UxV pixels, every d = U/N pixels mean one
chip information of the m-sequence. It is not necessary
condition for the camera being perpendicular to the
barcode. Because the absolute displacement information
already exists in the m-sequence code, the acquisition of m-
sequence information in the ROI image has the minimal
influence by the horizontal or elevation angle within a
larger range.

Step 3: Information acquisition

This study is deploying a LabVIEW based controller for
video capture and information acquisition of targets. Video
slips of the ROI area is captured by an industrial camera.
Each frame of the images is sequentially processed for
greying and binarization by the Otsu algorithm (Otsu 1979)
in real-time. When a binary image A (UxV) is obtained, an
arbitrary column of the data B (Ux1) is taken from the
middle portion of the binary image. And then, the column
data B (Ux1) is converted to “0” and “1”. As described in
Step 2, each chip contains d pixels. So, the new binary code
is extracted from every d interval in B and forms the
sequence y,(i=1,2,..,N). For subsequent correlation

calculations, “0” is converted to “—1” in sequence y;.

Step 4: The circular correlation algorithm

Due to the periodicity of the m-sequence, the circular
algorithm can be used to calculate the correlation between x;

and y; as shown in Fig. 5. The normalised correlation of x;
and y; can be expressed as
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i=1
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Fig. 4 ROI selection and information acquisition.
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where x; = [x1,%y,...,Xy] is the local m-sequence, y; =
[X147) X247, --+» Xn4] 18 obtained from the column data B
(Ux1), 7 represents the delay of the sequence, and
rem[(i + T), N] represents the remainder of taking N for
i+

A period correlation function Ry, (7), (r=0, 1,
2,...,N —1) can presented
[ Ry (0) 7
R,y (1)
R,y (r-1)
ny(T)
_ny(N'l)_ (3)
(X1 X2 Xp1 X XN-1 XN 1 V1 T
Xy X3 Xt Xg41 XNy X V2
1 ' :
=—|X7z Xg41 ° Xg—2 X1 Y
Xr41 Xeg2 7 Xr—1 X Vr+1
XN X1t Xg—2 X7 Xy-2 Xy-1dL Yy

Assuming that the acquired image has no interference,
the correlation function R, (7) has a correlation peak of 1
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X
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N Q D
X
. 4
YN (xNH-O ) N
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at 7, and others are close to zero as shown in Fig. 5.
Step 5: Displacement calculation

According to Step 4, the correlation peak is
automatically recognized for each frame of the image. The
initial position of the correlation peak needs to be defined,
that is, the original correlation peak R (7) of the local
sequence and the sequence in the first frame image are
shown in Fig. 6. When the target moves, the position of the
correlation peak also moves with it together. And then,
assume that at time ¢, the correlated peaks R (7) moved
Am(t;) chips. At this time, the displacement from the
initial position is

Axi =hX Am(tl) (4)
where Am(i) is chips between the peaks of R, (7) and
R, (7), and #; is time point.

The real-time displacement DIS is given by

DIS = [Ax,, Ax;, ... Ax,] %)

After each frame of the image is processed in real-time,

the dynamic displacement of the structure can be obtained.
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Fig. 5 The circular correlation algorithm
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Fig. 6 The displacement calculation
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5. System implementation and verification
5.1 Experimental design and system verification

According to Step 1, a binary linear shift-register
sequence with a period of 27 —1 = 127 is adopted in
this study, where 7 is the degree of the generator
polynomial. The m-sequence generator where k = 7 is built
as shown in Fig. 7. The 127-chip m-sequence is originated
from the primitive polynomial x” + x3 + 1 and is arranged
into a two-cycle m-sequence column vector. And then, the
barcode image data are generated through repeating some
copies of the column vector as shown in Fig. 8. The
attachments of scale and position information are produced
in the barcode target. The print accuracy of each chip is set
to 4 = 0.2 mm, indicating that the measurement accuracy is
+ 0.2 mm and the measurement range is h X N = 25.4
mm. Therefore, the full-range error of the system is
(1/127) x 100 = 0.79%. The barcode target image is
horizontally installed on the side of a machine vice as
shown in Fig. 9. And then, a MindVision® U3B500C
industrial camera with a 5-100 mm focal length is fixed at a
position approximately 1.2 m from the target. The camera
can record videos with maximum 22 frame per second and
resolution 2048 x 1536 pixel. The videos are taken by NI-
IMAQdx driver software and LabVIEW platform and
subsequently transferred to the Laptop. Because the target
itself contains size information, the camera does not have to
be fully aligned perpendicular to the target. These facilitates
of the test system can be rapidly arranged. According to

Fig. 10 Experimental setup
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Fig. 11 The comparison of test results

Step 2, the ROI is defined as the length of the 127-chip m-
sequence, and the size of the pixel is 1270 x 960. Each chip
in the m-sequence will contain 10 pixels. The pixels are
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taken out from the middle of ROI, and the chip information
of the barcode is extracted according to Step 3. The
correlation peaks and their corresponding positions will be
obtained by the circular correlation algorithm of Step 4. A
laboratory setup of the entire measurement system is shown
in Fig. 10.

The proposed system is calibrated and verified using a
dial indicator. The initial position is defined, and the dial
indicator reading is adjusted to 0. The ROI of the camera is
aligned with the centerline of the target image. At this point,
the position of the correlation peak is identified by the
LabVIEW program, and the displacement of this correlation
peak is defined as 0. Next, the target moves left or right by
rotating the handle of the machine vice. The readings of the
dial indicator and measurement system are recorded for
each 1 mm movement of the target image. The comparison
results of the measurements are shown in Fig. 11. The
results show that the absolute errors of the identification
results are less than 0.2 mm. The entire system meets the
design requirement.
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5.2 Anti-interference performance of static
displacement measurement

To verify the anti-interference performance of the
proposed measurement method, a series static tests with
various forms of interference are carried out.

Case 1 has no interference as shown in Fig. 12. The
balanced position is defined, then the barcode is moved 6.6
mm by the handle of the machine vice. The compiled
LabVIEW platform performs the correlation peak and the
displacement calculation of the barcode. The green and red
curves represent the original correlation peak curve and the
real-time correlation peak curve, respectively. The identified
displacement is 6.6 mm. The test result is accurate.

In Cases 2 to 5, the barcode is subjected to various
masks in these cases, and the most mask area of the ROI
reaches 30%. Cases 2 to 5 are performed based on condition
1, and the movement at this time was still 6.6 mm. After
correlation calculations, the test results are still 6.6 mm. The
conclusion shows that the partial mask of the ROI does not

Binary image of
ROI

Real target

Correlation peak and
displacement calculation

Reshtims Correlation /N,
o Orgin Comsatan A

Case 7

T
i R

Case 8

sl R

Fig. 12 Anti-interference tests
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Fig. 14 Dynamic displacement and frequency identification results through the system

affect the accuracy of the measurement results. However,
the partial mask of the ROI affects the amplitude of the
correlation peak. In the case of no mask, the magnitude of
the correlation peak is close to one. When the ROI is partial
mask, the amplitude of the correlation peak will decrease as
shown in blue cross cursor.

Cases 6 to 8 are uneven illumination, out of focus and
smoke effect, respectively. The movement position is no
changing in these cases. Although the binary image of ROI
has been severely blurred, the displacement corresponding
to the correlation peak is still 6.6 mm.

In summary, the m-sequence based visual measurement
can ensure the accuracy of the displacement measurement
in various harsh environments, such as partial mask, uneven
illumination, out of focus and smoke effect. The proposed
method and system in this article have a powerful anti-
interference performance.

5.3 Dynamic displacement measurement

The dynamic test performance of the system is carried
out as shown in Fig. 13. The target barcode is vertically
fixed at the end of a cantilever beam. To verify the anti-
interference performance of the system, the target is set
with irregular mask. The cantilever steel beam is 650 mm

long, 60 mm wide and 5 mm thick. The target is 1.2 m away
from the camera. The frame rate of the camera is set to 16
frames per second to monitor the dynamic displacement and
frequency.

An excitation force is applied to the cantilever beam.
The dynamic displacement and frequency identification
results are as shown in Fig. 14. The test results show that
the displacement of the beam end can still be accurately
measured in real-time. The first-order frequency is
recognized to be approximately 5.7 Hz.

6. Conclusions

This study presents a novel computer vision-based
method for displacement measurement using a new type of
m-sequence target. The main contributions of this study are
summarized as follows:

(1) The  autocorrelation and  anti-interference
characteristics of m-sequences are confirmed by
theoretical derivations. The m-sequence is first
applied to the vision-based structural displacement
measurement in this article. A system for structural
displacement measurement based on LabVIEW
platform is developed.
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(2) System reliability and anti-interference perfor-
mance are verified by static and dynamic tests in
the laboratory. The test results show that the m-
sequence based visual measurement can ensure the
accuracy of the displacement measurement in
various harsh environments, such as partial mask,
uneven illumination, out of focus and smoke effect,
even if 30% of the target is masked. The proposed
method and system have powerful anti-interference
performance and can be adopted in practice.
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