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Feature-based image stitching for panorama construction
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Abstract. This study presents a feature-based image stitching method with multi-level constraint criterion for panorama
construction and visual inspection of building structures. The comparison of global view and local resolution over building
exterior is discussed regarding practical implementation. An inspection-oriented methodology framework with optimized inlier
distribution is designed for generating a feasible and reliable building panorama by using ordinary optic images. Two illustrative
examples, including an earthquake-damaged masonry wall and a high-rise building with stone curtain walls, are experimentally
investigated. The severely developed structural crack is fully mapped with stitched image and extracted in preparation for further
quality evaluation. The curtain wall of the high-rise building is successfully constructed by using UAV-based images. The
panorama quality is further compared with commercial stitching software and several improvements are illustrated in the
particular case. In addition, the reliability of the proposed feature-based stitching approach is parametrically studied with
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different setups of input images.

Keywords:
inspection

computer vision; image stitching; multi-level constraint criterion; structural health monitoring; visual

1. Introduction

Structural condition assessment has been an ever-
growing demand for civil infrastructures during their long-
term serving life and after disastrous events such as
earthquakes and strong winds. Generally, structural health
monitoring (SHM) and visual inspection have been
developed as two distinct but not mutually exclusive
approaches (Agdas et al. 2016). During the past decades,
significant efforts and remarkable progress have been
devoted to SHM technologies, mostly related to vibration-
based system identification and damage evaluation in an
automated way (lacovino et al. 2018, Wu and Jahanshahi
2020). Visual inspection is another important evaluation
methodology mostly depending on manual observations and
may be the predominant method for infrastructure
inspection in a relatively long history of engineering
application. Representative structural and damage indices
can be visually characterized such as crack propagation
(distribution, length, and width), steel corrosion, concrete
spalling, and component failures.

Though the technological importance highlighted, visual
inspection approaches were usually recognized as labor-
consuming regarding the manual observation and the large-
scale infrastructures. Correspondingly, three challenges of
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timing, interpretability and accessibility are summarized for
visual inspection methods (Moore et al. 2001). Recently,
such practical issues and potential limitations on visual
inspection have been partially improved because of
significant developments of image processing, computer
vision, and autonomous equipment such as unmanned aerial
vehicle (UAV) (Hoskere et al. 2019, Jung et al. 2019, Lai et
al. 2020), and becomes practically promising in a non-
contact, computer-aided and automated way (Choi et al.
2018, Hsu et al. 2020). Such visual inspection has also been
characterized as image-based structural health monitoring
(Ye et al. 2016, Akbar et al. 2018), and can be implemented
remotely and more frequently by employing UAV-based
SHM systems.

In the context of visual observation and inspection, the
photogrammetry-based digital imaging provides the
fundamental data and predominant source, and the image
quality may determine the following assessment accuracy
and reliability directly. Regarding the engineering size of
high-rise buildings and long-span bridges, the constraints of
camera view range, the coverage of a single photograph,
and the region of interest (ROI) of target structures may
inevitably generate a practical conflict in real-world
implementation, as the trade-offs between the need for
collecting close-up images and their relevant localization
(Choi et al. 2018). Illustratively, the typical optical camera
provides a field view of 35 X 50 degrees, which is much
lower than that of human visual system with 135 X 200
degrees. Furthermore, a major challenge in visual
inspection may be the extraction of small fraction of local
meaningful regions from the high volumes of images
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(Yeum et al. 2017).

To address this problem, the panorama image stitching
has been an emerging solution in building inspection with a
relatively acceptable balance between global vision and
close-up resolution. Technically, the close-up images of the
building structures are sequentially captured by state-of-the-
art low-cost and high-performance vision sensors, and then
a high-resolution orthophoto representing a complete view
of the target structures is generated by manual or automated
image stitching. Usually, there are two types of image
alignment and stitching algorithms, the direct method, and
the feature-based method, which are related in the computer
vision field. Several commercial application software
packages are available, such as Autostitch (Brown and
Lowe 2007), Photoshop (Adobe 2006), and Microsoft
Image Editor (Microsoft 2008), where the panorama can be
created by the user inputs.

In image stitching, feature detection and matching play a
crucial role and may determine the panorama quality.
Correspondingly, there are several key issues requiring to
be investigated, such as the reliable correspondences
between two sets of image features, the high computational
complexity and costs, the development of advanced outlier
removal algorithms, and the capturing of the perspective
changes for scenes. Recently, a new feature descriptor
named L2-SIFT has been proposed by Sun et al. (2014) for
large images in large-scale aerial photogrammetry, a robust
feature matching algorithm using spatial clustering has been
developed by Jiang et al. (2020). A robust image stitching
method with multiple registration algorithm has been
presented by Herrmann et al. (2018). A warping residual-
based image stitching for large parallax has been developed
by Lee and Sim (2020), and Nie et al. (2021) proposed an
unsupervised deep image stitching method to stitch images
with few features or low resolution.

In engineering practice, the quality of the panorama
images may not necessarily be guaranteed regarding
engineering applications (Bang et al. 2017). The image
stitching and registration has been primarily investigated by
several researchers in different areas. Representative effort
and remarkable progress include the multi-image stitching
and scene reconstruction for evaluating defect evolution
(Jahanshahi et al. 2011), the image preprocessing for
automatic generation of construction site panorama (Bang
et al. 2017), the autonomous image localization method
(Yeum et al. 2017), and post-event visual evaluation of
building facade (Choi et al. 2018). Obviously, the feature-
based stitching may be popular due to its computational
efficiency, stitching robustness, and automatic ability.
Several feature descriptors have been broadly used for
detection and matching, including SIFT (Scale-invariant
feature transform) (Lowe 2004, Jahanshahi et al. 2011),
SURF (Speed-up robust features) (Bay et al. 2008, Akbar et
al. 2018, Yuan et al. 2019) and so on. Although different
stitching methods have been presented, the inspection-
oriented panorama construction for building structures may
still be an open problem, especially for stitching images
with accuracy and efficiency and for UAV-based remote
sensing techniques and applications (Xiang ef al. 2019).

In this paper, a feature-based image stitching method

with multi-level constraint criterion is proposed for
panorama construction and visual inspection of large-scale
building structures. The necessity and framework of the
image stitching method are firstly presented. The
methodology of the image stitching algorithm with
optimization on inlier distribution is then stated.
Followingly, the potential value of the proposed image
stitching method on visual inspection is presented with two
detailed illustrations, while comparing the optimal stitching
performance of the proposed method with two commercial
software and discussing the reliable stitching performance
with different setups of input images.

2. Motivation and framework

During the long-term serving life of civil infrastructures,
the primary visual quality assessment and the following
statistical quantity evaluation for the built environment is of
great interest for structural maintenance. As discussed
above, the time-consuming and laborious manual inspection
method may be relatively difficult to meet the rapidly
increasing demands of structure exterior inspection,
regarding both inspection expense, efficiency and accuracy.
Therefore, the automated image stitching for generating an
entire presentation of building exteriors becomes popular
and informative by using multiple pictures from ordinary
cameras.

In the authors’ opinion, there may be two essential and
practice-valuable interests requiring to be addressed with
trade-off: (1) the stitching quality of global vision over the
mostly similar or even identical architectural texture or
appearance such as stone and glass curtain walls; (2) the
image resolution of close-up vision over the structural
exterior areas satisfying the inspection requirements such as
the pixel-level quantification of length, width, and area.

lustratively, Fig. 1 illustrates the local ROI images
from a real-world building structure with stone curtain walls
under global and close-up photogrammetry scenarios. As
illustrated in Fig. 1, for the same region of interest, the
pixel-level width of the illustrated stone curtain wall is 82
pixels in the global-view image as shown in Fig. 1(c), while
that in the close-up image is 239 pixels as shown in Fig.
1(d). Obviously, the resolution and local imaging details are
much better for further usages. Meanwhile, the zoomed ROI
of the red dashed block can be easily located in the global-
view image of Fig. 1(a) but may not be straightforward for
the blue dashed block to obtain its location relative to the
whole building exteriors by using the close-up image of Fig.
1(b).

Generally, if the picture taken directly by the consumer-
grade cameras covers the whole global view of the civil
infrastructure, the corresponding resolution of the global
image of the large-scale building exteriors may be too
blurred to inspect the conditions of the region of interest
(ROI). On the contrary, if the close-up images are taken
with satisfactory image resolution of the ROI of the
building exteriors, the overall localization of the ROI may
become difficult and inaccurate. Given the above trade-off
problem, without the assistance of image processing
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(¢) Zoom in on global-view image

(b) Close-up image

(d) Zoom in on close-up image

Fig. 1 Comparison of resolution difference of the same region of interest between the global-view and the close-up

exterior image of a typical high-rise building

techniques, it may be practically difficult to obtain the high-
resolution image of building exteriors simultaneously with
global facade view and overall localization information.
Therefore, the panorama construction for the global view of
large-scale building structures with the stitching over close-
up images may be desired and valuable for visual inspection
and structural maintenance.

To fully address this issue, a feature-based image
stitching method may be an available and feasible approach
for aiding the visual inspection efficiently and
automatically, which can also preferably solve the problems
within large-scale infrastructure maintenance (Spencer et
al. 2019, Strauss et al. 2020, Sun et al. 2020). Typically, a
feature-based image stitching procedure consists of the
following steps (Szeliski 2007, Jahanshahi et al. 2011):

(1) Distinctive keypoints detection. Feature points such
as edges, corners, vertices, line intersections are
detected and used as the criterion to estimate the
similarity and overlap regions  between
corresponding images.

(2) Feature matching and outliers exclusion. The
detected keypoints are matched to determine which
features come from corresponding locations in
different images. Once an initial set of feature
correspondences has been computed, outliers
exclusion is needed to produce a high accuracy
alignment and compute the homography matrix.
Two widely used algorithms are called RANdom
Sample Consensus (RANSAC) (Fischler and
Bolles 1981) and Least Median of Squares (LMS)
(Rousseeuw 1984).

(3) Image blending and composition. Blending the

images to compensate for exposure differences and
other misalignments. Then the homography
transformation matrix is applied as geometric
transformation to the images.

(4) Furthermore, bundle adjustment is needed to
simultaneously adjust pose parameters for an
extensive collection of overlapping images.

There are many feature detector techniques, such as
SIFT, SURF, Harris (Harris and Stephens 1988), FAST
(Features from Accelerated Segment Test) (Rosten et al.
2010), ORB (Oriented fast and Rotated Brief) (Rublee et al.
2011) and so on. SIFT detector is a popular choice for
feature detection due to its robustness to scale and rotation
changes and its invariance to changes in the three-
dimensional (3D) viewpoint and illumination. SURF
detector improves the computation time of SIFT by using
an integral image for fast local gradient computations on
images, but partially sacrificing scale and rotation
invariance (Luo and Oubong 2009). Harris detector is used
to detect corner keypoints but not invariant to scale changes
and cross correlation. FAST detector is a corner detector
and faster than SIFT or SURF detector, but has no rotation
or scale invariance. ORB detector is extremely fast
operation, and is scale and rotation invariant, robust to noise
and affine transformations, while sacrificing very little on
performance accuracy.

Following the illustration and comparison of the global-
view image and close-up image in Fig. 1, the proposed
framework of the feature-based image stitching
methodology with inliers distribution optimization is
designed and illustrated in Fig. 2. The detailed procedure of
the proposed feature-based image stitching method includes
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Fig. 2 Designed framework for the proposed feature-based multi-image stitching method with optimization on inlier
distribution (yellow and red feature points as matched pairs)

the following essential steps:

(1) feature detection and matching, where the overlap
regions between images are located and selected as
ROI, and the blob detectors are adopted to be
extracted initially and matched correspondingly
based on the comparison of Euclidean distance
between the descriptors of keypoints in
corresponding images;

(2) transformation estimation, where the geometric
transformation is online estimated between
adjacent images by adopting the M-estimator
SAmple Consensus (MSAC) algorithm (Torr and
Zisserman 2000) which is a variant of the
RANSAC algorithm and partially compensating the
undesirable effect of threshold sensitivity, and
further optimized by multi-level constraint
criterion;

(3) iterative optimization, where the optimal group of
geometric transform parameters is obtained to be
applied to the target paired images via optimization
on inliers distribution.

(4) image blending, where the contrast and exposure
difference are compensated, the geometric
transformation is applied to the images and the
panorama result is converted to orthophoto;

(5) image quality assessment (IQA), where the full
reference image evaluation indices such as Peak
Signal to Noise Ratio (PSNR) and Structural
SIMilarity (SSIM), are adopted to estimate the
quality of panorama objectively.

As illustrated in Figs. 1 and 2, the detected and matched
features with the preliminary input of ROI may reduce the
rate of feature mismatching significantly, in the particular
case of panorama construction for texture-similar building
exteriors. Then, the estimation of the homography
transformation matrix is implemented by performing the

MSAC algorithm-based outliers exclusion controlled by the
proposed multi-level constraint criterion. Especially, as
illustrated in the block of matched feature pairs in Fig. 2,
the yellow points in each image are matched to the red
points in the neighboring image right below it. It’s shown
that the conventional process of transform estimation
directly utilizes the initial feature correspondences, while
the proposed image stitching method iteratively optimizes
the distribution of the matched features controlled by the
multi-level constraint criterion as marked in blue blocks.
Practically, such evenly distributed paired features may
improve the accuracy of the homography transform matrix
and the image quality of the constructed panorama.

3. Methodology
3.1 Preliminary feature extraction and matching

Input image sequences are supposed to have an overlap
region between adjacent images. In order to quantify the
proportion of the selected overlap region relative to the
whole image, the overlap ratio is defined and further
utilized to evaluate the potential influence of the image
overlap on the panorama result of our proposed method. As
illustrated in Fig. 3, the overlap ratio ¢ can be calculated
in the following formula

b =d,/d, (1

where d, is the pixel-level distance represents the
overlapping scope, and d, is the pixel-level distance
represents the viewing scope of UAV.

After ascertaining the overlap region and overlap ratio,
the ROI can be selected to frame the feature detection area.
To describe the blob features within the ROI, the SIFT
algorithm (Lowe 2004, VLFeat 2008) is adopted in the
present study. As a classic image correlation method,
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Fig. 3 Definition of the overlap ratio between two
individual aerial imaging cases

a SIFT keypoint descriptor consists of a 4 X 4 X 8 = 128
dimensional vector, which is reliably invariant to image
translation, scaling, and rotation, and partially invariant to
illumination changes and projection. Two illustrations of the
SIFT descriptor detected from an earthquake-damaged
masonry wall are shown in Fig. 4, and each box, with green
lines and arrows in the picture, contains an eight-dimension
vector which describes eight orientations in the box,
respectively. Especially due to the most similar or even
identical architectural texture or appearance, the difference
of keypoints may be subtle, even with 128-dimensional
vectors as their descriptors. The introduction of ROI may
significantly reduce the rate of mismatching and reduce the
computational complexity and costs.

With the extraction of SIFT features in the ROI between
adjacent images, features can be then matched
correspondingly according to the SIFT descriptors. By
means of comparing the Euclidean distance between the
feature descriptors in adjacent images, the feature pairs with
the minimum Euclidean distance are supposed to be the
candidate pairs of feature matching. The Euclidean distance
D of descriptor d, and descriptor d; can be calculated as
the following formula

N=128

D= Z (da (i) — dy ()2 b)

(a) One SIFT descriptor of crack area

3.2 Estimate the transformation between images

The result of preliminary feature matching includes
inliers and outliers. Inliers are the correct feature matching
pairs we need to calculate the transformation matrix, but
outliers are the incorrect pairs that mislead to work out a
wrong transformation matrix, so the elimination of outliers
is practically necessary. In order to detect outliers, the
MSAC algorithm (Torr and Zisserman 2000) is utilized,
where the feature pairs are randomly chosen to fit the
homography transformation matrix. Initially, a minimal set
of randomly sampled points are utilized to estimate the
parameters of the homography transformation matrix by the
MSAC algorithm. Then, the remaining feature points are
divided into inliers and outliers in the rule of whether it can
fit the model within the allowable error threshold.

The pixel coordinates of the feature matching pairs,
which are supposed to be inliers, should satisfy the
following equation or be within the allowable error
threshold. The pairs without meeting the equation will be
regarded as unqualified feature matching pairs, and then
back to implement the MSAC algorithm again.

u"THv =0 3)

where u and v are the pixel coordinates of one feature
matching pair in the adjacent images, and can be
represented in the form of [x y 1]Tand T is the
transpose operator. The homography matrix, H, is a 3-by-3
matrix and describes the projective transformation of
feature point correspondences in the same plane. The matrix
can be derived from four intrinsic parameters of the
physical camera setup, namely the focal length, pitch,
height, and principle point of the pinhole camera model.

Then the parameters of the homography transformation
matrix are optimized by iterating the above procedures for
specified times. There is a cost function to judge whether
the parameters are optimal, that’s also the difference from
the RANSAC algorithm. In the RANSAC algorithm, the
loss function is shown as the following formula

0, e < T?
constant, e?> T2

“4)

Losspansac (92) = {

where T is the error threshold which is used to divide the

(b) One SIFT descriptor of spalling area

Fig. 4 Illustration of SIFT keypoint descriptors within two distinct damage scenarios
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inliers and outliers, and e? is the square of maximum
likelihood estimation error (Torr and Zisserman 2000).

One of the shortcomings of the RANSAC algorithm is
the sensitivity of the results regarding the selection of error
threshold T. Therefore, the MSAC algorithm is developed
to optimize the loss function in order to reduce the
sensitivity to the threshold. The loss function of the MSAC
algorithm can be calculated as the following formula

2 2 2
Lossysac(e?®) = {;2: sz ; ;2 ©)

Although the MSAC algorithm can filter out most of the
potential outliers and calculate the homography
transformation matrix acceptably, the simple dependence on
the MSAC method may not fully satisfy the image stitching
demands of the building exteriors, especially the building
exteriors with mostly similar or even identical architectural
texture or appearance. If the inliers filtered by the MSAC
algorithm are not evenly distributed in the overlap regions,
the local image misalignment may occur and the
accumulative error will cause the failure of image stitching
eventually.

To avoid this problem and assure the inliers are
distributed evenly for the particular study of building
exteriors, a multi-level constraint criterion is proposed,
which is the major distinguishing characteristic between the
currently developed method and the existing image
stitching algorithms, such as the image stitching available
in OpenCV (2011). Regarding the geometric scale and
cover similarity of building exteriors, both the accurate
registration and evenly distribution of feature points are the
fundamental motivation and concerns for the proposed
method. Accordingly, the multi-level constraint criterion
includes the following four formulas

widthinjiers = a1 X Widthypage (6a)
heightinjiers =2 a; X Heightimqge (6b)

max (distance;pjers) = a3 X Diagonal,periap  (6¢)
convhullipjjers = @y X AT€00periap (6d)

where width,iers and heighti,iers are the width and
height of the boundary enclosed by inliers, respectively,
while Widthyn,ge and Heightyy,ge are the width and
height of the target image, respectively; distance,jjers 1S
the pixel-level distance between inliers with the maximum
operator max (), while Diagonalyyeriqp is the maximum
distance of the overlap region in the diagonal direction;
convhull;,;e.rs is the area of convex hull enclosed by the
inliers, while Area,yerqp is the area of the overlap region.

In the present study, four controlling coefficients,
assigned as a4, a,, a3, and a,, are proposed. As relevant
to the overlap ratio ¢, the parameter value ranges between
zero and unity, where the unity value of 1.0 indicates the
equivalence to the variable ¢. The four coefficients are
designed to guarantee the desired even distribution of the
inliers, as previously illustrated in Fig. 2. a; and a, are
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Fig. 5 Multi-level constraint criterion for optimizing
inlier distribution

relevant to the horizontal and vertical overlap ratio
respectively, a3 represents the constraint to the diagonal
distribution, and «, is relevant to the ratio of overlap area
to the whole image. Especially, the increase of the value of
a; indicates the stricter constraint of the diagonal
distribution.

Screening processing of optimizing inlier distribution is
illustrated in Fig. 5. Owing to the randomness of the initial
selection of feature points in the MASC algorithm, in a
single iteration of outliers elimination processing, the
MSAC algorithm will trial N times to improve the image
transformation robustness, and every individual trial will
generate a set of inliers and a homography transformation
matrix. Usually, it needs about 500 times iteration to obtain
stable results. And to avoid occasionality, we used to set
1000 as the iteration times.

Multi-level constraint criterion plays an important role
to pick out the most evenly distributed set of inliers, which
has the maximum number of inliers as well. Eqs. (6a) and
(6b) can pick out the trials whose distribution of inliers
occupied most of the width and height of the ROI enclosed
by inliers. Egs. (6¢) and (6d) can eliminate the set of inliers
that distributes intensively in a triangular area. Finally, the
trials with the evenly distributed inliers are retained, then
the specific trail with picking the maximum quantity of
inliers becomes the optimal selection of ith iteration. After
the assigned iterations are performed, the set of inliers with
the evenest distribution and the maximum quantity of inliers
is proposed to be the final and converged feature matching
pairs. Meanwhile, the resultant homography transformation
matrix will be applied in the follow-up step.

3.3 Image blending

After obtaining the optimal feature matching pairs
consisting of inliers only and the homography
transformation matrix, the exposure difference can be
compensated in two steps. (1) In the HSV (Hue, Saturation,
Value) color space, firstly, computing the scale factor of V'
value between the feature matching pairs in corresponding
images. Then multiplying the 7 channel of the
corresponding images by the scale factor of V' value to
compensate for the saturation difference. (2) In the RGB
(Red, Green, Blue) color space, the scale factors of R
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channel, G channel and B channel are then computed,
respectively. The scale factors are multiplied to the target
images in the corresponding channels to correct the color
difference. Then the paired images are sequentially
transformed by applying the homography transformation
matrix. In the particular case of the present study, if the
building in the panorama result is not shown in the front
view, the conversion of the panorama into an orthophoto is
then implemented for better evaluation.

3.4 Image quality assessment

To evaluate the stitched panorama quality, a classic
index out of the full reference (FR) image evaluation
indices, as named of SSIM (Zhou et al. 2004), is then
adopted. As compared to the evaluation indices of no
reference (NR) image and reduced reference (RR) image,
FR indices can relatively objectively assess the quality of
image stitching results. The calculation of SSIM is based on
the image luminance, contrast and structure, and is in
accordance with human feelings to some extent. The value
of SSIM ranges from -1.0 to 1.0, and the increase of the
SSIM value indicates the increased similarity of the two
target images as a good quality assessment. Theoretically,
the SSIM value of 1.0 corresponds to the scenario of two
images being identical. SSIM can be -calculated as
following formula

(Zﬂx”y + Cl)(zaxy + C2)
(w2412 +c)+ (02 +02+c)

SSIM(x,y) = (7

where x, y represent reference image and panorama,
respectively; y, 4y, are the mean intensity of x and y,
respectively; oy, g, are the standard deviation of x and y,
respectively; oy, represent the covariance of x and y; ¢,
c, are the constant to avoid instability.

4. Experimental investigation

The present feature-based image stitching method was
systematically evaluated by two illustrative examples. The
first example is the exteriors of an earthquake-damaged
masonry wall in Beichuan, Sichuan province, while the
other example is the stone curtain walls of structural
exteriors of a high-rise building located in the Jiading
campus of Tongji University.

4.1 Earthquake-damaged masonry exterior

In recent years, with the development of computer
vision, the quantitative assessment of seismic damage has
become a popular field, including wall cracks, steel
exposure and concrete spalling. Structural cracks, as the
most direct and distinct indication of seismic damages, can
always be visually observed on the building exteriors after
the earthquakes. As for the early-stage cracks with small
geometry scale, the mapping of the target crack is relatively
convenient to with the whole scenes while restoring high-
resolution. Such vision data of cracks may support the
quantitative assessment with high precision. On the
contrary, for the severe cracks with relatively large-scale
length and distribution, the high-resolution details of the
seismic cracks are of necessity and informative, with a
cluster of close-up images taken manually.

Mlustratively, Fig. 6 presents a case of the stitching
results of a large-scale wall crack distributing over the
whole facade of the masonry structure. As shown in Fig.
6(a), the four individual images shot different parts of the
long-length and multi-crossing crack. Obviously, neither the
crack length nor the development orientation can be easily
concluded from just one single view. The pixel resolutions
of the input images are 5184x3456, 2736x1539, 3500x
2957, 2736x1539 from top to bottom, respectively.

(a) Input images

(b) Output panorama result

Fig. 6 Panorama result of earthquake-damaged masonry exterior
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(a) Panorama-based crack edge detection

(b) Pixel-level crack area extraction

Fig. 7 Illustration of the computer-aided quantitative assessment of the wall crack that is fully visible in the panorama image

The proposed feature-based stitching method was then
implemented to the four crack images. The overlap ratio
between the neighboring images from top to bottom is
approximately estimated to be 35%, 45% and 55% between
the blue and orange boxes, the orange and green boxes, and
the orange and red boxes in Fig. 6(b). The vector of the
controlling coefficients [a, @y, @3, a,] is assumed to be
[0.40, 0.35, 0.90, 0.80], [0.40, 0.55, 0.90, 0.80], and [0.60,
0.50, 0.90, 0.80] in sequence. With different resolutions of
the same in the input images, various input orders will lead
to getting diverse output results which differ from the
resolutions, in which processing the down-sampling or up-
sampling are executed automatically.

Finally, the maximum resolution of the resultant
panorama is illustrated in Fig. 6(b), with an overall pixel
resolution of 22266x18708. During the optimization step,
the converged number of inlier pairs are 395, 2168, and 398
for the overlap regions intersected between the blue and
orange boxes, the orange and green boxes, and the orange
and red boxes in Fig. 6(b), respectively. Furthermore, with

(a) Input images

the help of the image stitching technique, all the visual
quantitative assessment can be calculated, such as the edge
of the crack can be semantically segmented and the total
area of the extracted crack is calculated, as illustrated in
Fig. 7.

4.2 Stone curtain wall of high-rise building exteriors

The curtain wall unit, as an important symbol of modern
architecture, has been widely used as an external enclosure
and decorative structure due to its lightness and structure
beauty. In practice, the current safety-state evaluation and
damage detection are relatively time-consuming and
requiring intense human-labor. Targeting on this particular
maintenance problem, a high-resolution and global-view
image would be significantly necessary as the fundamental
vision data for inspection. The feature-based image
stitching method with the UAV-based data acquisition may
provide a low-cost and fast technique for preliminary visual
damage detection.

(b) Output panorama result

Fig. 8 Panorama result of stone curtain wall of high-rise building exteriors
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A field test of visual inspection over the high-rise
building was performed by using a consumer-grade UAYV,
DJI Phantom 4 Pro. Fig. 8(a) was an illustration of
panorama result with 25% as horizontal and vertical overlap
ratio, the six input images, with blue, red, green, orange,
purple and dark blue dashed boxes in sequence, were then
stitched together, and the panorama of stone curtain walls of
building exteriors was generated with the resolution of
5905%7682, as shown in Fig. 8(b).

Compared to the exposure difference of input images as
shown in Fig. 8(a), the performance of exposure
compensation is apparent in Fig. 8(b). Then, the roles
MSAC algorithm and multi-level constraint criterion played
in the whole method are illustrated in Fig. 9, and the paired
images of IMG-1, IMG-2 and IMG-3 are stitched from the
two images in the top, middle and bottom line of the input
images in Fig. 8(a), respectively. The two groups of
detected features linked by blue and yellow lines,
respectively, represent the inliers and the outliers,
respectively. The final paired features between IMG-1
IMG-2 are 104 out of the total matched number of 532,
including the outliers, while that between IMG-2 and IMG-
3 is 92 out of total 798. It is observed that the final paired
features number is not relevant to the total matched number.
With the help of MSAC algorithm and multi-level
constraint criterion, outliers are eliminated, and the inliers
are relatively distributed evenly in the shared overlap
region.

To illustrate the stitching performance, the panorama
obtained by the proposed method is further compared to the
results generated by two commercial software. The selected
stitching software are AutoStitch (Brown and Lowe 2007)
and Photoshop with the Photomerge function (Adobe
2006). Two local regions of illustration are compared in Fig.
10, where the regions enclosed by the red and blue dashed
box are Region I and II, respectively. In Region I as shown
in Fig. 10(d), the misalignment of the stone curtain wall
bricks is shown in the result of AutoStitch, while the edges

of the curtain wall bricks are acceptably aligning as shown
in the subplots by Photoshop of Fig. 10(e) and our proposed
method of Fig. 10(f). Similarly in Region II, the stitched
results by AutoStitch in Fig. 10(g) and Photoshop in Fig.
10(h) exhibit the apparent misalignment as marked by
orange dashed ellipse, while our proposed method presents
an accurate alignment result as shown in Fig. 10(j).

The reasons that lead to the quality difference in
panorama results are not only the multi-level constraint
criterion but also the potential limitation of built-in
algorithms in AutoStitch and Photoshop. The RANSAC
algorithm, which is proved to show relatively poorer
performance than the MASC algorithm, is adopted by
AutoStitch. Furthermore, the homography transformation
matrix is emphasized with the minimization of the cost
function, while the quantity and distribution of inliers in the
overlap area may not be the focus. The user guide of
Photomerge in Photoshop explained that the images input
should have a sufficient overlap ratio, which is
recommended to be no less than 40% but no larger than
70%. The position and exposure to take the series of input
images are also suggested to be the same.

Besides comparing the local details, the accuracy of the
global outline is also compared for performance illustration,
as shown in Fig. 11. The red lines, blue lines, and green
lines indicate the outline edges of the high-rise building
exteriors within the panoramas generated by AutoStitch,
Photoshop, and our proposed method, respectively. The
yellow line represented the vertical and horizontal lines. As
compared in Fig. 11, it is observed that the building
panoramas output by AutoStitch and Photoshop were
noticeably crooked and distorted. Meanwhile, the proposed
image stitching method presents the picture of building
exterior close to the practical reality.

To explore the potential influence of image overlapping
on the stitching performance of the proposed method, two
scenarios of input images with six overlap ratio setups
within each scenario are assumed and assigned for

(b) Matching results between IMG-2 and IMG-3

Fig. 9 Illustration of inliers and outliers distinguished by the adopted MSAC algorithm and the proposed multi-level

constraint criterion
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(b) Panorama by Photoshop

(c) Panorama by the proposed algorithm

(e) Region I of (b)

(f) Region I of (¢)

-

(g) Region II of (a)

(h) Region II of (b)

(j) Region II of (¢)

Fig. 10 Comparison of the stitching quality of three panorama images in illustrative local regions

(a) Panorama by AutoStitch

(b) Panorama by Photoshop

(c) Panorama by the proposed algorithm

Fig. 11 Comparison of the fundamental rectangular shape of panorama images by inserting global outlines

parametric study. A set of input images, including three
photos shoot from three aircraft altitudes by the UAV, are
prior cropped. Several sequences of input images with
horizontal and vertical overlap ratio gradients are obtained,
and the fundamental information of the image sets are listed
in the following Table 1. Obviously, the first scenario with
the 1x3 setup was not split at each aircraft altitude, and the
vector of the controlling coefficients [ay, ay, a3, a,] is
assigned to be [0.10, 0.70, 0.90, 0.80], [0.15, 0.70, 0.90,
0.80], [0.20, 0.70, 0.90, 0.80], [0.25, 0.70, 0.90, 0.80],

[0.32, 0.70, 0.90, 0.80], and [0.36, 0.70, 0.90, 0.80] in
sequence. The second scenario with the 2x3 setup
represents that original images were cropped into two
images at each aircraft altitude with different horizontal
overlap ratio, while different vertical overlap ratio gradient
were also cropped. The overlap ratio was determined
regarding the practical implementation with the range
between 15% and 40%with 5% as the step size, and the
vector of the controlling coefficients [ay, ay, ag, a,] is
assigned to be [0.12, 0.12, 0.90, 0.80], [0.17, 0.17, 0.90,
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Table 1 Basic information of image sets

Input image sets Overlap ratio

Pixel resolution

Upper view Middle view Lower view
Original set of input images  45% (approximately) 5472%3678
15% 5472x3029 5472%2501 5472x3087
20% 5472x3119 5472%2681 5472x3177
13 25% 5472x3211 5472%2865 5472%3269
30% 5472x3302 5472%3048 5472%3361
35% 5472%3393 5472%3230 5472%3452
40% 5472%3485 5472%3413 5472%3543
15% 2958x3029 2958x2501 2958%3087
20% 3040x3119 3040%2681 3040x3177
3 25% 3127x3211 31272865 3127%3269
30% 3219%3302 3219%3048 3219%3361
35% 3317x3393 3317x3230 3317x3452
40% 3420%3485 34203413 3420%3543
0.6 [C1x3 E2x3
0.5
0.4
=

203

0.2

0.1

(a) Reference image and panorama image

15% 20% 25% 30% 35% 40%
Overlap Ratio

(b) Image Quality Assessment: SSIM

Fig. 12 Image quality assessment by employing different sets of input images

0.80], [0.21, 0.21, 0.90, 0.80], [0.26, 0.26, 0.90, 0.80],
[0.32, 0.32, 0.90, 0.80], and [0.36, 0.36, 0.90, 0.80] in
sequence, basing on the overlap ratio.

After stitching the input images with different overlap
ratio setups, the image quality assessment was implemented
by using the adopted SSIM as an image evaluation index, as
illustrated in Fig. 12(a). It is observed that the SSIM slightly
decreases from 0.5776 for the most optimal ratio of 40% to
0.5531 for the most challenging ratio of 15%, regarding the
scenario with the 1x3 setup. In addition, the proposed
method seems to be relatively reliable in stitching
performance with the illustration of similar SSIM values
between the two assigned scenarios and even between the
different overlap ratio setups.

5. Conclusions

A feature-based image stitching method is logically
designed and proposed for visual inspection of building
exteriors, with the inspection-oriented requirements on
global view and local resolution highlighted. The concept of
multi-level constraint criterion is introduced for optimized

inlier distribution and is adopted in the proposed method
framework for better panorama construction.

Two illustrative examples were presented to
experimentally investigate the proposed feature-based
iterative image stitching method. It is shown that a severely
developed structural crack on a masonry wall can be
globally extracted and locally segmented with satisfactory
pixel-level accuracy, by using four ordinary images. In the
second case, the overview of the curtain wall of a high-rise
building is successfully generated by using high-quality
UAV-based close-up photos. Two local regions and the
global rectangular edges are illustrated for comparison with
the proposed method and two commercial stitching
software. The observed misalignment of curtain bricks may
indicate the improved stitching performance of the
proposed approach over the general stitching software in
this particular texture-similar case. Furthermore, the
proposed method seems to be relatively reliable in stitching
performance with a detailed parametric study regarding
different setups of input images by using an evaluation
index of SSIM.

Furthermore, in terms of image registration, the
structure from motion (SfM) (Schonberger and Frahm
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2016) can transform a sequence of images into a three-
dimensional point cloud model, as compared to the image
stitching generating the two-dimensional panorama. The
procedures of SfM may be similar to image stitching, more
computationally expensive, but can handle arbitrary
surfaces with an arbitrary camera motion. However, the 3D
point clouds generated by SfM may be sparse regarding
zooming in the specific area, which may not provide
sufficient local information. Differently, as illustrated in the
current study, the 2D panorama from the presented image
stitching method may accelerate the process and present
satisfactory accuracy and details if the target structural
region is manually or automatically determined. In addition,
we can integrate the SfM with the current method for two-
level image registration for a combined advantage of global
point cloud segmentation and local image segmentation.

Currently, the proposed feature-based method and the
stitching performance may be relatively influenced by the
manual inputs and operation during the processing of image
stitching. To continue the present feature-based image
stitching study, a logical next step appears to be the
automatic determination of the overlap region and more
implementations over building, bridge, and tunnel
inspection, to be embedded into the general and operational
maintenance procedure.
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