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Abstract:

Large structures such as wind turbines are subject to environmental factors and varying opera-
tional loads which may result in structural damage, making components of these large structures
prone to performance and mechanical degradation. The use of high-definition optical vision sen-
sors in digital image correlation (DIC) allow for the application of a non-destructive image regis-
tration technique in which it measures finite three-dimensional deformations on surfaces through
correlations of a unique pattern or set of unique localized patterns. However, the physical place-
ment of an artificial marker such as a unique speckled pattern on the surface of the structure is
time-consuming and often impractical for large structures. Therefore, we propose a novel auto-
mated methodology that searches and segments salient and unique regions of an image as well as
for all subsequent images to assist in performing efficient displacement measurements for vibra-
tional study and structural health monitoring purposes. Our algorithm is validated on a controlled
set of images, as well as on a small structure and large real-world wind turbine, which suggests the
algorithm’s efficacy without the use of artificial markers for large structural health monitoring.

Keywords: digital image correlation; semantic filter; structural health monitoring; unique salient
patterns; wind turbine

1. Introduction

Digital image correlation is a nondestructive testing method that involves
high-definition optical sensors for precise tracking and measurement of displacements of
unique patterns in digital images [1]. By measuring and tracking blocks of pixel dis-
placements from correlated salient and unique patterns, DIC can provide full-field 2D
and 3D deformation vector fields and strain maps, which aids in surface-level measure-
ment for examining temporal stress/strain in materials testing, crack tip and crack prop-
agation studies, detecting damage development in composites, structural deflections,
high-temperature strain mapping, and dynamic vibrational analysis.

Localized patterns such as circular random dots (or speckled patterns) for digital
image correlation (DIC) processing are artificial landmarks that are physically placed in a
scene to enable point correlation, or correspondences between images [2], [3]. A localized
pattern should be unique in an image and also unique in subsequent images for DIC
processing, and the pattern in the image should not be blurry, or relatively ‘coarse’ as
defined in [4], [5], otherwise it would lead to correlation errors or processing failure. As
of this writing, the DIC-based structural health monitoring methods (SHM) often include
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the physical application of a salient and unique pattern on the actual structure to aid in
image correlation operations, little has been done in the automatic finding of unique
patterns within a real-world image and a set of subsequent images [6], [7].

Our previous work [4] demonstrated a working classifier that can distinguish the
saliency of a projected pattern in a real-world image (sharp), and determine the unique-
ness of the projected pattern in a localized region of the image and as well as for all re-
gions in subsequent images. However, two shortcomings of that algorithm are that the
search space for the uniqueness algorithm is limited to a region of interest rather than
searching the entire image for the sake of computational efficiency, in addition, saliency
determination is computationally inefficient, and it does not semantically filter patterns
that are part of a target structure, which means background patterns may also be classi-
fied as unique and salient.

We augmented our previous algorithm to include the following: (1) Determination
of an appropriate pattern/marker size according to the size of the image, (2) Pattern de-
tection with the use of an improved-Speeded-up Robust Feature detector, (3) Pattern re-
gion segmentation (4) Salient and Uniqueness Classifier that scans pattern structural
similarities in an entire image as well as an image set and lastly, (5) Semantic Filter using
YOLOV5 of large structures to obtain only the optimal real-world salient and unique
patterns that are part of the structure within the image. Having an automated method to
semantically filter a salient and unique pattern within an image and the set of subsequent
images is significant in reducing manual labor, errors in DIC processing, and speeding
up the overall computational time of the whole DIC process from start to end.

The rest of the paper is designed as follows: (2) Methods, where the algorithm is
described in full detail, (3) Results and Discussion, where the algorithm is validated on a
control image set, two real-world image sets, and actual DIC processing, and (4) Conclu-
sion.

2. Methods

In our paper, we utilize the terms marker to describe salient patterns, or rather, fi-
ducial markers that are salient and unique in an image and are not artificial, which means
that in a real-world image, there would be no artificial markers placed in the scene for
image processing.

Figure 1-4 is an overview flowchart of the entire algorithm; the input is an image
containing a target structure for structural health monitoring, which may be very large
(100m tall, ~3000 pixels x ~4000 pixels) or small (10m tall, ~300 pixels x 400 pixels), and
output would be 10 or less potential salient and unique patterns of a fixed size for use in
DIC processing.
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Figure 1. The first two steps of our algorithm which includes the calculation of an appropriate
marker size with respect to the entire image, and feature detection with i-SURF, giving us initial
features of interest to focus our algorithm on.

Figure 2. The following 3¢ and 4t steps of our algorithm which are segmentation and our ULPA2
classifier, which determines whether the segmented region is salient and unique across all images
in the set.
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Figure 3. The 5% step of our algorithm which is an intelligent semantic filter.

Figure 4. The 5% step of our algorithm which is an intelligent semantic filter.

2.1. Marker size Determination

The size of a unique identifier is calculated with an estimated area of 1.14% of the
entire image size. An image size of 471 x 3369 pixels would have a suitable marker size of
a total of 18,089 pixels?. The algorithm takes the ceiling of the square root of 18,089 pixels?
to get 135 pixels for the marker’s length and width. The estimated area size of the marker
at 1.14% is most suitable for images containing the structure to be tested at about half or
more of the structure shown in a digital image.
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2.2. Initial Feature Detection

An improved Speeded-up Robust Features (i-SURF) algorithm [8] is first used to
determine the first 10 most significant feature points, determined by the strength of the
most salient regions in the image. These most representative key points are obtained with
SURF’s usual algorithm consisting of the following (1) Construct Hessian matrix; (2)
Scale-space generation; (3) Use non-maximal suppression to initially determine feature
points; (4) Select the general orientation of feature points; (5) Construct feature point de-
scriptors.

The improved version adds a Frequency-tuned (FT) Salient Region Detector [9] that
utilizes a Gaussian differential filter method by only selecting features within a certain
frequency range, which speeds up computational time significantly. The Frequen-
cy-tuned method [9] uses image-guided filters [10] as local estimates based on the mean
and variance of the pixels in the image neighborhood.

Since the set of the images are typically taken in clear daylight with minimal ex-
ternal environmental effects, the intensity frequency ranges of our images and target
structure are consistent, which works well with i-SURF’s FT feature in which visual sa-
liency is key. The i-SURF algorithm is also used mainly for its computational speed via its
box type convolution filter for similarity invariant representation of strong feature points
in rotation invariant, blur and warp transform, but without the need for different scale
images such as the relatively less efficient SIFT method. The box convolutional filter fits
with our marker size equal length and width.

2.3. Segment Features with Marker size

The location of the top ten feature points is set as the center for the designated
marker size, assuming that as strong feature points allow for accurate point to point
correlations for 2D-Digital Image Processing. These 10 markers are not yet determined to
be unique markers of the structure but are considered as fiducial markers of the image.
Out of bounds markers are omitted from the set.

For an input image of this small pole structure, the output would result in the fol-
lowing segmentation of features with the appropriate marker size as shown in Figure 5-6.
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Figure 6. Segmented regions of interest with an appropriate marker size and targeted features from
i-SURF.

2.4. Determine Uniqueness and Saliency of each Marker within Image Set

We pass each of the remaining fiducial markers of this image to our proposed pre-
processing methodology to automatically classify the saliency and uniqueness of a lo-
calized pattern for DIC processing of a large structure for structural health monitoring.
This methodology was previously published in our previous paper which combines a
localized multi-scale CNN classifier with a Unique Localized Pattern Algorithm (ULPA)
that ensures that a marker is salient within a real world image and unique within an
image and a set of images. The previous ULPA would have to check each and every re-
gion of an image to the set of images to determine a saliant and unique region, which
would easily cascade into a computationally expensive task, instead, the updated ULPA2
would only have to check 10 or less segmented markers to the entire image.

The multi-scale CNN utilizes multiscale blur detection networks which are fused
together for a unified final output [11]. Three scales are trained at 33% reduction each
scale. Blur probability maps are then put into dilation convolutional filters [12].
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ULPA2 is a uniqueness verification algorithm that ensures the structural similarity
(SSIM) index of the marker is above a similarity threshold of 0.9 in every part of an im-
age, and also tests for all parts of all subsequent images. Structural similarity index [13] is
similarity measure index value indicates the comparison of two images’ signal as input;
resulting in signal x and y luminance values. The marker is compared to every identical
sized region moving in a sliding window fashion for all images in a set, if there is more
than one match in an image, then the current marker is omitted from the results. Having
a fixed marker size of 1.14% of the entire image would still be computationally efficient
with the algorithm operating on a CPU only, meaning that the search process for each
marker on each image of the set would be approximately 99 sliding window iterations
depending on the length of the sliding window shift.

Salient and unique markers are then filtered and passed on to the last part of the
algorithm for semantic filtering. ULPA can be understood further in the following
pseudocode:

Unique Localized Pattern Algorithm v2

Input: A list of 10 target center data points of interest from the iSURF algorithm

1: obtain markerSizeRow and markerSizeCol (~1.14% of entire image)

2: for each center data pointi do

3 set top left point = ceiling (x1i— markerSizeRow/2, y1i - markerSizeCol)

4:  set bottom right point = ceiling (x2i + markerSizeRow/2, y2i + markerSizeCol)
5:  check if marker is within the image boundaries
6.
7
8
9

set search window region to be the entire image

set structural similarity index (SSIM) threshold to 0.9

for each image in the set, set sliding window to be top left corner of image do
for the entire search window (x3, xs) and (ys, ys) move sliding window do

10: check if sliding window SSIM value is greater than SSIM value then
11: increase match counter by 1
12: end if (SSIMthreshold checker)

13: end for (shift search window by 1 pixel)

14:  end for (move to next image in the set)

15: end for (move to next data point i)

16: if match counter is equal to 0, no match found, pass uniqueness test

17: check if semantic filter recognizes marker, if so, then pass semantic test
18: elseif match counter equal to 1, one match found, pass uniqueness test
19:  check if semantic filter recognizes marker, if so, then pass semantic test

20: else multiple matches found, fails uniqueness test

2.5. Semantic Filter of Markers

The last part of the algorithm is an intelligent semantic filter to determine which of
the salient and unique markers are part of the target structure of interest, which involves
artificial intelligence and convolutional neural networks (CNN). Since our main interest
is mainly large structures of interest, we can develop fast YOLOV5 close-up detector [14]
that is built to detect local segments of large structures such as windmills and bridges,
and disregards background environmental scenes such as forests, trees, sky and grass.

The semantic filter is a YOLOV5 close-up [14] implementation using transfer learn-
ing along with our own dataset of large structures, containing bridges, wind turbines,
large poles, lighting poles, and buildings. A robust CNN model is trained from over 1500
images per class, and over 10,000 instances per class. We incorporate 10% of the data to
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be background images in order to reduce false-positives errors. With a relatively small
dataset the training process and transfer learning parameters are adjusted accordingly.
The dataset is annotated using YOLO labelling format, with each file containing one
bounding-box annotation.

3. Results and Discussion

We validated our algorithm in four parts, the first is a controlled set of simulated
images that contain 10 or more patterns, the second is a set of real-world images with ar-
tificial markers, and last, are two sets of real-world images without artificial markers. We
run a few of these patterns in our 3D-DIC processing algorithm to validate our method.

3.1. Validation Results of Controlled Simulated Images

In this controlled simulated image, we simulated a relatively large solid color ver-
tical bar, covering half of an empty image. Then we incorporated 4 artificially-created
unique markers using an in-house marker generator algorithm with the use of random
permutations to indicate white or black areas in the marker. Figure 7 shows one of the
controlled simulated images in our set.

Figure 7. This image is one of the controlled simulated images containing 4 artificial markers, the
uncropped image (3000 pixels x 2000 pixels) would contain more white space and the black center
would encompass about half the image.

We processed this image with i-SURF to automatically locate these top 10 feature
points, the features are not yet segmented, Figure 8 demonstrates the feature detection
process on our controlled image.
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Figure 8. i-SURF quickly finds feature points on our image without semantic segmentation.

Figure 9 demonstrates the automatic segmentation process of the algorithm, re-
sulting in 10 potential markers to be classified using our ULPA2 method.

Figure 9. These are 10 segmented markers after i-SURF efficiently searches for top feature points on
our image.

The remaining successful marker candidates are shown in Figure 10.

Figure 10. Three salient and unique markers from the output of our algorithm.

3.1.1. Controlled Simulated Images Discussion

Our algorithm was evaluated on 1000 of these controlled simulated images with
randomly placed markers in the scene, and it successfully detected relevant markers,
which passed our initial visual inspection. However, the semantic segmentation filter for
this image set was retrained with a set of 10000 high-definition markers, and it should be
noted that this test set does not thoroughly test the robustness of the semantic segmenta-
tion filter, which would work better with real-world images as shown in the next valida-
tion results.
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3.2. Validation Results of Experimental Controlled Real-World Images

To further our validation study, we evaluated our algorithm on a set of real-world
images with artificial markers. There were a total of 433 controlled real-world images of
size 400 pixels x 1200 pixels with at 6 man-made artificial markers placed on a metal
pole-like structure.

Of these images, 3 of the artificial markers are considered false-positive in terms of
saliency and uniqueness, which will cause errors or program failure in the image corre-
lation process. We incorporated positive and false-positive artificial markers in order to
evaluate the algorithm’s capability in detecting man-made markers that are not salient
and/or unique. The part of our algorithm that should be able detect these false-positives
is i-SURF, and the results are shown in Figure 11-13.

Figure 11. The leftmost image is the input target image, the second image shows detected feature
points from i-SURF.

Figure 12. These are 8 segmented markers that are considered in the bounds of the image.


https://doi.org/10.20944/preprints202205.0298.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 May 2022 d0i:10.20944/preprints202205.0298.v1

Figure 13. These are the resulting 3 segmented regions after the semantic filter is applied, which
may be considered as salient and unique markers.

3.2.1. Experimental Controlled Real-world Images Discussion

The algorithm was evaluated on 433 of these experimental controlled real-world
images with fixed speckled patterns placed as artificial markers on the scene. The first
input image of the set was used to obtain the initial segmented markers, which was then
passed through ULPA2 to compare each of the segmented markers with the rest of the
regions in 432 images in the set for saliency and uniqueness. In Figure 7, there are only 8
segmented markers because the other 2 were out of image boundaries when segmenta-
tion occurred.

With regards to this image set, these speckled patterns were hand-drawn, and not all
hand-drawn patterns are salient and unique, which ultimately lead to countless DIC
processing errors and/or failure as a result of image to image point miscorrelation.
Compounded to this issue, it was difficult to pin-point the reason for failure or which
hand-drawn pattern was inadequate for DIC processing. As a result, we developed an
algorithm to digitally produce random black and white patterns in a marker to a degree
at which it will be unique enough in the entire image [4]. However, this method still re-
quired involved the physical placement of an artificial marker on the scene, which is la-
borious and inefficient. As shown, our algorithm is able to successfully output relevant
markers, and in this case, with the placement of artificial markers, but also our algorithm
is able to omit irrelevant markers on the structure (false-positives), as well as
non-relevant markers (eg. background fence or bushes) for DIC processing.

3.3. Validation Results of Experimental Real-world Images

For our last validation study, the task was to use no artificial markers with a larg-
er-sized image and structure and let the algorithm decide which segmented region is
optimal for DIC processing within our parameters and assumptions. Both sets are of a
real-world wind turbine, in which the first set contains 382 high-definition digital images
(4000 pixels x 6000 pixels), and the other set contains 432 high-definition digital images
(6000 pixels x 3376 pixels). In both cases, it would be impractical from its size to place an
artificial marker on the structure, or even create a large enough marker. Evaluation re-
sults are shown in Figures 14-19.
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Figure 14. Using real-world images of a wind turbine looking up at the structure, the algorithm is
able to locate 10 initial distinct features using i-SURF.

Figure 15. These are the segmented regions of the top 6 features that are not out-of-bounds of the
image.

Figure 16. The remaining two segmented markers after semantic filtering is applied.
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Figure 17. Another set of images of a wind turbine shown across a distance, the algorithm is able to
obtain 10 initial feature points using i-SURF.

Figure 19. These are the remaining 3 segmented markers after semantic filtering is applied, which
are considered salient and unique within the whole image set.

3.2.1. Experimental Controlled Real-world Images Discussion

In Figure 16, the reason the semantic filter may have omitted the other markers was
those images may have contained too much background information, and did not regis-
ter successfully as a part of a wind turbine.

In Figure 19, we observe an extremely favorable result demonstrating visually rel-
evant, salient, and unique markers. Without ULPA2 and our semantic filter, we would be
left with too many false-positive markers that could perhaps cause correlation errors, by
going through these filters, we remove the possibility of any issues arising during DIC
processing.

3.4. Validation Results DIC Processing

Finally, for the last real-world wind turbine dataset, we evaluated the output of our
algorithm, which were the 3 markers as shown in Figure 19, by performing DIC pro-
cessing to obtain displacements and natural frequencies of the wind turbine. In this
study, we employ an in-house 3D-DIC methodology that consists of a MATLAB-based
stereo-correlation program and a virtual-physical stereovision calibration technique es-
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pecially developed for 3D measurements on large structures [15]. The identified markers
were supplied to the image correlation program to obtain their pixel coordinates in the
images.

This process involves the implementation of a stereovision calibration process in order to
obtain intrinsic and extrinsic parameters and use them to transform the pixel coordinates
of the markers to their corresponding 3D locations in the real-world coordinates.

Natural frequencies of the wind turbine are then obtained by performing Fast Fou-
rier Transform (FTT) on the measured time-domain displacement results. Figures 21, 23
and 25 show the vibrational results of the wind turbine tower obtained using the identi-
fied markers, and Figures 20, 22, and 24 show the displacement results using our mark-
ers. We observe that the algorithm is able to produce the displacements and frequencies
successfully from DIC processing using our automatically segmented markers.

The complete image correlation process ran smoothly without any errors or failures
that further validates our algorithm. It can also be seen that the amplitude of displace-
ments is similar for all three markers as they are acquired from the top of the tower of the
wind turbine, which supports and suggests the efficacy of the markers to produce accu-
rate and consistent results without failures.
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Figure 20. Displacements of the wind turbine tower using Marker-1.


https://doi.org/10.20944/preprints202205.0298.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 May 2022 d0i:10.20944/preprints202205.0298.v1

X-axis
2 T T T T T T T T T
i 0.37 Hz il
Iih
"0
0 \f\,\,,/\_,\ N S Y Y Vel W 0 A ANNN AN AN AN L ~
0 1 2 3 4 5 6 7 8 9 10
Y-axis
4F T T T T T T T T T 3
)
o
2
S2f 1
E |
< [
0 MM A n ! - L L sl L L
0 1 2 3 4 8 6 7 8 9 10
Z-axis
15 T T T T T T T T T
10F A
5 t .
0 \' ok —] o | 1 1 d —| - 1 1
0 1 2 3 4 5 6 7 8 9 10
Frequency (Hz)

Figure 21. Vibrational results of wind turbine tower using Marker-1.
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Figure 22. Displacements of the wind turbine tower using Marker-2.
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Figure 23. Natural frequency of the wind turbine tower using Marker-2.
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Figure 24. Displacements of the wind turbine tower using Marker-3.
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Figure 25. Vibrational results of wind turbine tower using Marker-3.

3.2.1. DIC Processing Discussion

In detail, Figures 20, 22, and 24 are the x,y and z axis displacements as obtained from
DIC processing from the set of real-world wind turbine images. DIC is a process that
inputs images taken at different intervals but with as little movement as possible from a
stationary camera. Minute differences may affect results from DIC so the set of images
taken are crucial in terms of accuracy and stillness. Figures 21, 23 and 25 show the vibra-
tional results of the wind turbine, these plots are obtained from calculations of the dis-
placements.

In these results, we observe that our algorithm’s output markers are capable of use
for error-free DIC processing, and further study in the future may include other large
structures of interest for SHM purposes. The process was completed without any no-
ticeable errors and were comparable to results from manual marker segmentation
through visual inspection.

5. Conclusions

Our novel algorithm is capable of automatically outputting relevant, salient, unique
segmented markers given a dataset of images meant for DIC processing. The outputted
segmented markers are considered fiducial unique patterns that can be directly used
when preforming 2D or 3D-DIC on large structures. Validation results are favorable and
suggest the efficacy of the use of this algorithm as a pre-processing step before SHM DIC
processing.  This algorithm is extremely significant and useful for future large struc-
tural health monitoring purposes as it will reduce manual labor, reduce computational
errors, and increase the efficiency of the entire DIC processing pipeline.

Supplementary Materials: The following algorithm and Matlab code implementation can be
downloaded at: https://bit.ly/37iaOqg3.
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