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ABSTRACT A large number of bone stick fragments were unearthed at the Weiyang Palace, and the
manual stitching method is inefficient and time-consuming, therefore Image Stitching Method of Bone
Stick Fragment Based on Similarity Freeman code Matching is proposed by this paper to improve bone
stick stitching efficiency. The Freeman code is used to represent the contour of the true color RGB image
of bone stick fragments, and the direction change dense feature of the bone stick fragment fracture is fused
with the Freeman code difference to represent the change direction feature to locate the fracture boundary. At
the same time, the integer basic operation is used to replace the complex calculus calculation to improve the
efficiency of the algorithm; The longest common subsequence algorithm is used to perform local similarity
roughmatching on Freeman code of the contour at the fragment fracture, and then the angle and distance error
threshold is set according to the prior knowledge of manual stitching to reduce the matching error; Finally,
according to the matching results, the complete bone stick contour binary image is drawn. Compared with
other algorithms, the contour Cosine similarity accuracy of the bone stick image stitched by this algorithm is
improved by 21.68%, which can be accurate to 97.80%; the Editing distance similarity accuracy is improved
by 14.29%, which can be accurate to 91.87%;the Peak signal-to-noise ratio is improved by 83%, which can
be accurate to 31.13%;the Structural Similarity is improved by 29%, which can be accurate to 0.87; the
Figure of merit is improved by 39%, which can be accurate to 0.85. The experiment results show that the
algorithm proposed in this paper can effectively assist the stitching work of bone stick cultural relics.

INDEX TERMS Bone stick cultural relics, freeman code, longest common sub-sequence, roughly match,
angle and distance error threshold, similarity accuracy.

I. INTRODUCTION
The bone stick cultural relics unearthed in Chang’an City of
the HanDynasty aremade of animal bones and processed into
long bone pieces. Bone sticks run through almost the entire
Western Han Dynasty, and the written records on its surface
can reflect the social, economic and political background of
the Western Han Dynasty. It is of great significance to the
study of Western Han culture. Due to being buried in the
ground for many years, bone sticks were damaged to a certain
extent when they were unearthed. Therefore, the restoration
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of bone stick fragments occupies a very important position
in the field of archaeology. The initial stitching of fracture
bone sticks can only be done manually by archaeological
experts, which is extremely inefficient. With the progress of
archaeological work, the number of fragments is increasing,
and it is difficult to complete the stitching and repair within
a limited time by manpower alone. At present, the rapid
development of computer science, the application of digital
image processing technology to the stitching of bone stick
fragments can effectively reduce the workload and improve
the stitching efficiency. Contour-based bone stick fragment
stitching research can be divided into three steps: Firstly,
extracting contour information of the digital image of bone
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stick fragments; Secondly, using a appropriatematching algo-
rithm to find fragments with the highest matching degree;
Finally, restoring the matched fragments of the bone stick
into a complete bone stick image. Archaeological researchers
use digital cameras to convert the physical objects of the
bone stick fragments into JPEG (Joint Photographic Experts
Group) type digital images. After a series of analysis and
experiments on the digital images of the bone stick fragments,
computer technicians again stitch the images into JPEG
type digital images and feed them back to archaeological
researchers to assist them in completing the restoration of the
bone stick relics.

There have been many researches on image matching at
domestic and foreign [1], [2], [3], [4], [5], [6]. Piao et al. [7]
proposed to achieve fragment matching by calculating cur-
vature and least square fitting, extracting the surface texture
features of fragments, and constructing constraints; Guo-
Hua et al. [8] proposed to estimate the similarity of feature
points at the fracture of fragments, and used singular value
decomposition to achieve accurate matching and stitching of
fragments; Jie et al. [9] proposed to construct the bidirec-
tional distance field of the characteristic points of the fracture
surface, calculate the rigid body transformation matrix, and
use the iterative nearest point method to achieve the stitching
of fragments; Ran-Ran et al. [10] determined the matching
information of the image polygon vertices by calculating
the length between the adjacent vertices of the polygon and
using the improved ‘‘tank algorithm’’ to obtain the matching
metric of the corner sequence. This method makes full use
of the corner edge information of the outline but ignores the
geometric characteristics of the curve, and the calculation
amount is large when the contour representation and the
vertex are matched; Gang et al. [11] proposed to select the
feature points on the contour curve by calculating the curva-
ture, and use the ratio of the arc length to the chord length
of the feature segment to replace the characteristics of the
curve for matching. The method can effectively improve the
matching accuracy, but it requires complex curvature and arc
length calculations, which will increase the execution time
of the algorithm; Baozhu et al. [12] completed the matching
and splicing of fragments by comparing the angle values and
edge lengths of every three points on the contour. The single
matching criterion of this method leads to low final stitching
accuracy.

Bone stick fragments are irregular polygons. Most of the
existing contour matching algorithms need to perform very
complex calculations on the edge of the image, and the
global contour is used as the information to be matched
during matching, which leads to a long execution time of
the algorithm and a large matching error. In order to solve
the above problems, this paper proposes a bone stick frag-
ment image stitching method based on similarity Freeman
code [13] matching, which first locates the fracture boundary
of the fragment after preprocessing operations such as denois-
ing [14], [15] on the digital image of bone stick fragments,

and then uses the LCS (Longest Common Subsequence)
algorithm [16] to achieve partial rough matching, and deter-
mine the matching edge through analyzing the corner edge
error, and finally reconstruct the global contour according to
the matching coordinate position to achieve the purpose of
restoration.

II. OUR ALGORITHM
A. SCHEME DESCRIPTION
The overall flow of the stitchingmethod in this paper is shown
in Figure 1, including three parts: image preprocessing, con-
tour extraction and matching stitching. Firstly, the digital
image of bone stick fragment is preprocessed, Freeman chain
code is used to represent the outermost contour after detecting
edge; Secondly, the dense features of direction change at
the fracture of bone stick fragment and the error between
chain codes characterize the change direction characteristic
are fused to locate the fracture edge of fragments, and LCS
algorithm is used to roughly match the local similarity of
the Freeman code at the fracture edge of the bone sticks
fragment; Then the value of Euclidean and angle between the
vertices of the optimal matching edge in the rough matching
result is calculated and the angle and distance error threshold
is set based on the prior knowledge of multiple splicing
experiments to refine the rough matching result and reduce
the matching error; Finally, the original image of the bone
stick is restored according to the matching results.

FIGURE 1. Scheme of fragment image stitching algorithm.

B. EDGE DETECTION
The original bone stick fragments are transformed into digital
images by computer scanning and edge detection is required
to extract the image contour after preprocessing operations
such as binarization and denoising. Common edge detection
operators include Robert, Sobel and the Canny, in which the
Robert operator cannot smooth the image, the Sobel operator
is inaccurate for edge positioning and it is easy to form a
non-closed area, the Canny operator is a multi-stage opti-
mization operator with filtering, enhancement and detection.
Therefore, the Canny operator is used for edge detection to
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obtain the closed boundary region of the binary image in
this paper. Before processing, a Gaussian smoothing filter is
defined to smooth the image to remove noise, and then the
first order partial derivative finite error is used to calculate
the gradient amplitude and direction. During processing, two
thresholds are used to connect the edges after a nonmaximum
suppression operation. The calculation equation is as follows:

H (x, y) = e
−(x2+y2)

2×σ2 (1)

g(x, y) = f (x, y) × H (x, y) (2)

G =

√
G2
x + G2

y (3)

θ = tan−1(
Gy
Gx

) (4)

where H (x, y) is the system function of the Gaussian
smoothing filter, (x, y) is the point coordinate, e is the natural
constant, σ is the standard deviation, g(x, y) is the image
smoothing equation, f (x, y) is the discrete Fourier transform
of the image, G is the edge gradient, θ is the gradient direc-
tion, Gx and Gy are respectively the partial derivatives of the
image gray level along the horizontal and vertical directions.

Bone sticks are processed from animal bones, and the
surface is engraved with text, so the contour lines are quite
complex. The Canny operator will detect all connected edges
of the image. However, only the outermost contour is required
for the matching operation of bone stick fragments, the inter-
nal texture information will not only increase unnecessary
operations, but also interfere with the matching process, lead-
ing to errors in the matching results.

The above problem can be solved by judging that all con-
tour areas in the edge detection results and only retaining the
contour with the largest area as the outermost contour of the
bone stick fragment.

C. IMPROVED FREEMAN CODE TO REPRESENT THE
OUTERMOST CONTOUR
Freeman chain code is a common coding technique for
expressing lines, plane curves and region boundaries, which
is easier to detect the sharp corners and concave parts of the
boundary. It has strong data compression ability for polygon
representation. The 8-neighborhood chain code has four more
bevel directions than the 4-neighborhood chain code as shown
in Figure 2.

Since the edge of the bone stick fragment is a jagged
line, a large amount of information will be lost if the
4-neighborhood direction chain code is used to represent the
contour. Therefore, the clockwise 8-neighborhood Freeman
code is used to represent the outline of bone stick fragments
in this paper. The traditional chain code tracking algorithm
generally tracks the edge points in the order from 0 to 7 in
the 8-neighborhood directions of the Freeman code and the
chain code moves and encodes along the boundary pixels
in an 8-adjacent manner. The first pixel scanned is taken
as the starting point of the edge chain code, and other edge
points within the 8-neighborhood directions of the point are

FIGURE 2. Chain code direction.

searched according to the above method, inserting the first
edge point scanned in the 8-neighborhood into the chain
code sequence and updating this point to the current pixel
point, at the same time, marking this point to avoid repeated
tracking. Then continue to search the edge points in the
8-neighborhood of the current point. Iterate repeatedly until
there is no edge point in the 8-neighborhood of a current
point, and finally form an edge chain code sequence.

It is too cumbersome to use the above method when there
is only the outermost contour after edge detection, so this
paper adopts a new chain code representation method. In the
outermost contour coordinate sequence, the point with the
lowest coordinate value is taken as the starting point and
the counterclockwise direction (opposite to the chain code
representation direction) is taken as the tracking direction
of the chain code, and error is made sequentially along the
edge coordinate sequence. Finally, the chain code of the
contour sequence containing n pixels is expressed as {i, d(i),
(xi, yi)}n, (i) represents the index value of the current pixel,
i ∈{1, 2, . . . , n}, the chain code value d(i) represents that the
current pixel i points to the next adjacent pixel i+1 Freeman
code direction, d(i) ∈{0, 1, 2, 3, 4, 5, 6, 7}, (xi, yi) represents
the coordinate value of the current point, and the chain code
value corresponding to the coordinate increment of point i+1
and point i is shown in Table 1.

TABLE 1. Coordinate increment and chain code value.

Due to lighting, angle or equipment, some noise points
may be mistaken as the characteristic points of the chain code
change when collecting digital images, which causes errors in
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locating the fracture boundary. The convex point chain code
repair algorithm [17] will be used to solve this problem in this
paper.

D. BOUNDARY SEGMENTATION
If the Freeman code value of a point and its adjacent pixels
are not equal, it indicates that the chain code direction of the
point changes, which point is the chain code feature change
point. Using these feature change points to further analyze
the image can simplify the image matching problem. Among
the multiple boundaries of the edge contour of the bone stick
fragment, the fracture boundary feature changes the most
intensively, and the fracture boundary can be determined by
analyzing the change of each boundary feature.

According to the principle that Freeman code 0-7 represent
8 neighborhood directions, set the chain code proportion
coefficient, change threshold and direction change error, and
the calculation equation is as follows:

f =
M
8

(5){
Lf = SLVF × f
Rf = SRVF × f

(6)

T =
M
2

(7)

DVF = ||RVF − LVF | − 8| (8)

where f is the proportion coefficient, M is the change incre-
ment of the front and back sides of the current pixel, LVF
and RVF is the change factor, respectively recording the
chain code values of M pixels on the front and back sides
of the current pixel with the most occurrences, Lf, Rf are
the direction coefficients of both sides, SLVF, SRVF is the
cumulative occurrence times of LVF and RVF respectively, T
is the change threshold, DVF is the direction change error.

In combination with the error value of Freeman code indi-
cating the change direction property, there are three cases of
non-zero value of DVF, and the judgment rules of vertex are
as follows:
1. DVF ∈ {1, 7}, the included angle of the edge composed of

M pixels on both sides of the point is 135 degrees, which
must be the boundary vertex;

2. DVF ∈ {2, 6}, the included angle of the edge composed
of M pixels on both sides of the point is 90 degrees, which
must be the boundary vertex;

3. DVF ∈ {3, 5}, the included angle of the edge composed
of M pixels on both sides of the point is 45 degrees, which
must not be a boundary vertex.
The scheme of boundary segmentation algorithm is shown

in Figure 3:
The detailed implementation steps of the algorithm are as

follows:
1) M adjacent pixels are taken respectively at the front and

back sides of the current pixel;
2) Judge whether the values of LVF and RVF are equal.

If they are equal, the point is not a boundary vertex

FIGURE 3. Scheme of boundary segmentation algorithm.

because its front and rear directions are consistent, and
execute 1); If not, it means that the direction of the front
and rear sides of this point changes, and execute 3);

3) Calculate the direction coefficients Lf and Rf on both
sides according to equation(5) and (6), and judge the
relationship between them and the change threshold T
according to equation(7); if both are less than or equal
to T, and execute 4); otherwise execute 1);

4) Calculate the change error DVF of the current point
according to equation(8). According to the vertex judg-
ment rules above, if it is a boundary vertex, store the
index value of the point in the set vertex and execute 5);
if not, execute 5);

5) Add 1 to the index value of the current point to cover the
current point with next pixel point, and execute 1) until
all the points have been judged.

6) Traverse the vertex set. If the error between two adjacent
elements does not exceed vertex distance D, calculate
their three-point chain code error Diff [18], and discard
the element with small chain code error.

E. LOCATE THE FRACTURE BOUNDARY
The Freeman code of the edge contour is a discrete random
variable. According to the statistical principle, under the
premise that the average values are equal, the degree of data
dispersion can be judged according to the standard deviation.
The experimental results show that the average values of
the Freeman code sequences on every boundary of the bone
stick fragments are not equal, if only based on the results
of the normal distribution to judge the fracture boundary of
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bone stick fragments will cause errors. Another statistical
index CV (coefficient of variation) that is used to compare
the degree of dispersion of sample data with different mean
values can be used to solve this problem. The larger the value
of CV , the greater the error in sample data distribution. The
characteristic change of the Freeman code on the boundary
with the largest value ofCV of the Freeman code sequence on
the bone stick fragment boundary is the most intensive, that
is, the fracture boundary. The relevant calculation equation is
as follows:

µ =

n∑
i=1

xi
n

(9)

σ =

√∑n

i=1
(xi − µ)2

/
n (10)

Cv =
σ

µ
(11)

where µ is the average value of the sample data, xi is the
Freeman code value of the pixel point, σ is the standard
deviation of the sample data, and CV is the coefficient of
variation of the sample data.

The vertex set stores the index values of the boundary ver-
tices in the contour set in turn. The scheme of the algorithm
for locating the fracture boundary is shown in Figure 4:

FIGURE 4. Scheme of locating the fracture boundary algorithm.

The detailed implementation steps of the algorithm are as
follows:
1) When k={1,2,. . . ,m-1}, the Freeman code sequence of

the kth boundary is the Freeman code sequence between
the index value of the kth vertex and the k+1th vertex in
the entire contour;

2) When k=m, judge whether the value of the first element
in vertex set is 1. If it is 1, the Freeman code sequence on
the kth boundary is the Freeman code sequence between
themth point and the last point; if not, the first boundary

vertex is not the starting point of the contour, the Free-
man code sequence of the kth boundary is the Freeman
code sequence between the starting point and the first
vertex plus between the mth point and the last point;

3) Calculate the CV of each boundary Freeman code
sequence according to equation(9), (10) and (11);

4) The CV of every boundary is sorted from large to small.
The boundary with the largest value ofCV is the fracture
boundary, and the boundary whose error is within the
fracture threshold Tf is also determined as the suspected
fracture boundary.

F. CORNER-DISTANCE THRESHOLD LOCAL MATCHING
After the image contour information is represented by Free-
man code, the digital image information is converted into
digital sequence information, and the matching problem of
image contour is also converted into a digital sequence
matching problem. In this paper, the LCS algorithm is com-
bined with dynamic programming to find the best match-
ing segment of the two sequences to be matched in each
matching combination. The LCS algorithm is prone to mis-
matching when performing bone stick fragment boundary
chain code sequence matching, so the breakpoint continua-
tion method [11] is used to improve the fault tolerance of the
matching. Calculate the Euclidean distance and the cosine of
the angle between the matching boundary vertices, and set
the corner-distance threshold to refine the rough matching
result and reduce the matching error. Due to the matching
requirements, one of the fragment contour sequences to be
matched must be clockwise and the other anti-clockwise,
so as to ensure the correctness of the matching. The contour
chain code array in this paper is extracted in a clockwise
direction, so it is necessary to reverse one of them.

The matching proportion MP is the proportion of the best
matching segment to the sequence to be matched. The match-
ing group with the smallest error in the matching proportion
in the rough matching result of LCS algorithm is the optimal
result, it is preliminarily identified as a suspected matching
combination. The Euclidean distance between the vertices of
two boundary to be matched in the suspected matching group
and the cosine value of the angle between a certain matching
point and the vertex of both boundaries in the matching
sequence are calculated respectively. The calculation equa-
tion is as follows:

Mp =
LM
LTBM

(12)

MpD = |Mp2 −Mp1| (13)

Eda↔b =

√
(xb − xa)2 + (yb − ya)2 (14)

cos b =
(ρ2
a↔b + ρ2

b↔c − ρ2
a↔c)

2 × ρa↔b × ρb↔c
(15)

where LM is mutual matched length, LTBM is the length to
be matched, MP is the matching proportion, and MPD is the
error ofmatching proportion,Eda↔b is the Euclidean distance
between two vertices, cosb is the cosine value of the included
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angle, (xa, ya), (xc, yc) and (xb, yb) are the coordinates of a,
c at the vertices of both sides of the boundary to be matched
and b at a matching point in the matching sequence.
The matching result is refined by comparing the error

between threshold values. If the error between Euclidean dis-
tance and the error between the cosine values of the included
angle are within the threshold range, it can be determined that
the two sequences to be matched in this matching group are
indeed matching boundaries.

The detailed implementation steps of the algorithm are as
follows:

1) Extract the first fracture boundary of fragment 1 in the
group to be matched as a fixed boundary;

2) Use LCS to perform rough matching between each frac-
ture boundary of fragment 2 and the fixed boundary,
and calculate the matching proportion MP according to
equation(12), which is recorded asMP1, MP2;

3) If fragment 1 has only one fracture boundary, and
execute 4); Otherwise, the other fracture boundary of
fragment 1 is selected as the fixed boundary, which is
roughly matched with each fracture boundary of frag-
ment 2, until all fracture boundaries of fragment 1 and
fragment 2 have completed rough matching;

4) Calculate the error of matching proportionMPD of each
matching group according to equation(13), and record
the optimal result; If two fragments in the matching
group have only one fracture boundary, the matching
result is the optimal result by default;

5) According to equation(14) and (15), calculate the
Ed (Euclidean distance) between the vertices of the
two matching boundaries and the cosine of the angle
between the matching points and the vertices of both
sides in the optimal result;

6) If the error between Ed does not exceed the distance
threshold Td , and the error between the cosine values
of the vertex angle does not exceed the angle threshold
Ta, the two boundaries can be determined as matching
boundaries.

The scheme of corner-distance threshold local matching
algorithm is shown in Figure 5:

G. FRAGMENT STITCHING
After the matching boundary is determined, the fragment
contour is restored to a complete contour image according
to the matching information. The restoration steps are as
follows:

1) Create a blank canvas, and reconstruct the outline of
fragment 1 in the blank canvas according to the coor-
dinate position of the original pixel point;

2) Calculate the error x and y of the horizontal and vertical
coordinates of the pixels matching the fracture boundary
of fragment 1 and fragment 2 in the matching result, and
traverse and modify the coordinate values of the pixel
points of the outline of fragment 2, the original abscissa
plus x, the original ordinate plus y;

FIGURE 5. Scheme of corner-distance threshold local matching algorithm.

3) Reconstruct the fragment 2 outline in the canvas accord-
ing to the modified pixel coordinate position.

III. EXPERIMENTAL
The acquisition hardware of the object of this study is a high-
definition color camera, with backlight illumination for static
shooting. The camera is installed on a fixed height detection
platform, and the physical object of the bone stick is tiled
on the detection platform to ensure that the complete bone
stick image can be collected. The experimental PC is the Mac
OS12.6 operating system, with 8 GB 2133 MHz LPDDR3
memory, 1.4 GHz quad-core Intel Core i5 processor, and Intel
Iris Plus Graphics 645 1536 MB graphics card. The image
processing software is programmed in the Python 3.8.2 envi-
ronment.

A. ALGORITHM VERIFICATION
In order to verify the feasibility of the algorithm in this paper,
four bone stick fragments unearthed from Weiyang Palace
No. 3 Site in the Western Han Dynasty were divided into two
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groups to be matched for matching and stitching experiments.
Fragment 1 and 2 are group A to be matched, and fragment
3 and 4 are group B to be matched.

FIGURE 6. Edge contour detection image of bone stick fragments to be
matched. (a) Fragment 1 edge detection (b) The outermost contour of
fragment 1 (c) Fragment 2 edge detection (d) The outermost contour
of fragment 2 (e) Fragment 3 edge detection (f) The outermost contour of
fragment 3 (g) Fragment 4 edge detection (f) The outermost contour of
fragment 4.

Figure 6 (a) and (b), (c) and (d), (e) and (f), (g)
and (h) shows the result images of the edge detection and
the outermost contour of the original bone stick fragment 1,
fragment 2, fragment 3, and fragment 4, respectively. Set the
Gaussian kernel and standard deviation of the Canny operator
to 5 and 0, respectively. After edge detection of the fragment
image, use the maximum area method to judge the area of all
contours to locate the outermost contour.

FIGURE 7. Edge contour extraction image of bone stick fragments to be
matched.

Figure 7 (a) and (b), (c) and (d), (e) and (f), (g) and
(h) shows the result images of the edge detection and the
outermost contour extraction for reconstruction fragment 1,
fragment 2, fragment 3, and fragment 4, respectively.

FIGURE 8. Boundary segmentation of fragment. (a) Fragment 1
(b) fragment 2 (c) fragment 3 (d) fragment 4.

Figure 8 (a), (b), (c), (d) are respectively the boundary
segmentation results of fragment 1, fragment 2, fragment 3,
and fragment 4 using the vertex detection algorithm, take the
change increment M=10, vertex distance D = 500, 5 bound-
ary vertices are detected in fragment 2, and 4 boundary
vertices are detected in fragment 1, fragment 3, and fragment
4 respectively.

FIGURE 9. Coefficient of variation of boundary.

Figure 9 shows the CV (coefficient of variation) result to
the boundary of each fragment. Taking the fracture threshold
Tf = 0.1, the fifth boundary of fragment 2, that is, the 2-5 CV
is the largest, and the value is 2.58707. The 2-2CV is 2.56028,
and the error is Within the range of the threshold Tf , so 2-5
and 2-2 are both determined as fracture boundary, and the
fracture boundaries of fragment 1, fragment 3 and fragment
4 are 1-2, 3-2 and 4-4 respectively, and their corresponding
CV are 2.94078, 2.65657 and 2.34277.

FIGURE 10. Locating the fracture boundary. (a) Fragment 1 (b) fragment 2
(c) fragment 3 (d) fragment 4.

Figure 10 (a), (b), (c) and (d) show the results of locating
the fracture boundary of fragment 1, fragment 2, fragment
3 and fragment 4 respectively. The boundary with color and
serial number in the figure is the detection result of locating
fracture boundary algorithm.

The rough matching results of LCS algorithm are shown
in Table 2. The error between the matching proportion of
1-2 and 2-2, 2-5 of the fracture boundary of matching group
A is 0.190, 0.014 respectively, and the error between the
matching proportion of 3-2 and 4-4 of the fracture boundary
of matching group B is 0.054. According to the screening
rules set by the rough matching algorithm in this paper, the
minimum error between the matching proportion is the best
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TABLE 2. LCS rough matching.

matching, that is, the error between the fracture boundary 1-2
and 2-5, 3-2 and 4-4 is the best result of matching group A
and B, it is preliminarily identified as a suspected matching
boundary.

TABLE 3. Angle-distance threshold fine matching.

Perform the corner-distance threshold fine matching on
the suspected matching boundaries, the results are shown in
TABLE 3, take the distance error threshold Td = 10 and
the angle error threshold Ta = 0.1. The error s between the
Euclidean distances of boundary 1-2 and 2-5, 3-2 and 4-4
are 5.74 and 4.097 respectively, and the error between the
cosine values of the included angles of the matching points
is 0.005 and 0.023, respectively. According to the corner-
distance threshold fine matching rule, the error between the
distance and the angle cosine are within the threshold. There-
fore, it is determined that the fracture boundary 1-2 and 2-5,
3-2 and 4-4 are indeed matching boundary, that is, the second
boundary of fragment 1 and the fifth boundary of fragment
2 match each other, the second boundary of fragment 3 and
the forth boundary of Fragment 4 match each other.

Figure 11 shows the matching results of two groups of
matching group fracture boundaries. The curve segments
marked by the color lines are the matching segments detected
by the matching algorithm in this paper. (a) and (b) are the
matching results of group A fracture boundaries 1-2 and 2-2,
1-2 and 2-5, respectively, and (c) are the matching results of
group B fracture boundaries 3-3 and 4-2.

Figure 12 (a), (b), (c), (d) respectively show the contour
image of the bone stick reconstructed by the original method
for matching group A (manual stitching by archaeologists),
the local matching algorithm for locating the fracture bound-
ary in this paper, the LCS matching method [19], and corner
edge feature matching algorithm [12]. Figure 12(e), (f), (g),
and (h) are the reconstructed bone stick contour image of the
matching group B using the above four methods.

FIGURE 11. Matching results. (a) Matching group A (b) Matching group A
(c) Matching group B.

FIGURE 12. Stitching and reconstruction of bone stick contour.
(a) Matching group A original method (b) Matching algorithm in this
paper (c) LCS method (d) Corner edge feature matching algorithm
(e) Matching group B original method (f) Matching algorithm in this paper
(g) LCS method (h) Corner edge feature matching algorithm.

In this paper, CSA(Cosine similarity accuracy), EDSA
(Edit Distance similarity accuracy), PSNR(Peak signal-to-
noise ratio), SSIM(Structural Similarity) and FOM(Figure of
merit) are used as evaluation indicators of experimental
results.

CSA evaluates the similarity of two sequences by calcu-
lating the cosine value of the included angle. The closer the
value of CSA is to 1, the greater the similarity between the
two sequences. CSA calculation formula is as follows:

CSA =

n∑
i=1

Ai × Bi√
n∑
i=1

(Ai)2 ×

√
n∑
i=1

(Bi)2
(16)

where Ai and Bi represent the components of sequence A and
B respectively, and n represents the length of sequence.
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EDSA evaluates their similarity by calculating the number
of single-character edits required to convert one sequence
to another. The closer the EDSA value is to 1, the greater
the similarity between the two sequences. EDSA calculation
formula is as follows:

EDSA =
Times

max(S1, S2)
(17)

where Times represents the number of comparisons, S1 and
S2 are two sequences to be compared.

The PSNR is used tomeasure the noise and distortion of the
processed image. It is based on the logarithmic value of the
MSE(Mean square error) of the reference image and the pro-
cessed image relative to the square of the possible maximum
signal value of the image. The larger the value, the smaller
the noise and the higher the quality of the processed image
relative to the original image. PSNR calculation formula is as
follows:

PSNR = 10 × log10(
(2n − 1)2

MSE
) (18)

where n is the number of pixel bits that determine the gray
level of the image, and its value is generally 8, that is, the
gray level is 256. MSE calculation formula is as follows:

MSE =

H∑
i=1

W∑
j=1

(x(i, j) − y(i, j))2

H ×W
(19)

where H and W respectively represent the height and width
of the image; x(i,j) represents the coordinates of the location
of the image pixel points.

SSIM evaluates the similarity between the processed image
and the original image by integrating the three key features
of image contrast, structure and brightness. The mean value
is used as the estimate of brightness, the standard deviation
is used as the estimate of contrast, and the covariance is
used as the measure of structural similarity. The closer the
SSIM value is to 1, the greater the similarity between the two
images. SSIM calculation formula is as follows:

SSIM =
(2 × µx × µy + C1)(σxy + C2)
(µ2

x + µ2
y + C1)(σ 2

x + σ 2
y + C2)

(20)

whereµx andµy respectively represent the average gray level
of the two images, σx and σy represents the gray standard
deviation of the two images, σxy represents the gray level
covariance of two images, C1 and C2 is a constant.

FOM combines three factors: missed detection of real
edge, false detection of false edge and edge positioning error.
The FOM larger the value, the smaller the edge error of the
two images. FOM calculation formula is as follows:

FOM =
1

max(S1, S2)
S2∑
k=1

1
1+β×d(k)2

(21)

where S1 and S2 are two sequences to be compared, β is the
constant 1/9, and d(k) is the Euclidean distance between the
k-th point of two sequences.

TABLE 4. Experimental data comparison results.

The experimental data comparison results are shown in
Table 4. The running times of matching group A and match-
ing group B using the matching algorithm in this paper are
3.042s and 2.877s respectively. Compared with the origi-
nal restored method (manual stitching by archaeologists),
the CSA of Freeman code sequence of the reconstructed
bone stick contour by algorithm in this paper is 97.80% and
96.40%, and the EDSA is 91.87% and 89.51% respectively,
and the PSNR is 30.37 and 31.13, and the SSIM is 0.82 and
0.84, and the FOM is 0.81 and 0.85. Compared with the
LCS matching method [19], the running time of the local
matching algorithm for locating the fracture boundary pro-
posed in this paper is reduced by 5.594s on average, and the
similarity accuracy of the Cosine and Editing Distance of
the contour is increased by 25.15% and 15.71% on average,
and the PSNR increased by 0.29 on average, and the SSIM
increased by 0.28 on average, and the FOM increased by
0.37 on average. Compared with the corner and edge feature
matching algorithm [12], the running time of the algorithm in
this paper is reduced by 0.208s on average, and the similarity
accuracy of the Cosine and Editing Distance of the contour is
increased by 14.6% and 9.11% on average, and the PSNR is
increased by 0.67 on average, and the SSIM is increased by
0.32 on average, and the FOM increased by 0.39 on average.
The experimental results show that the matching accuracy
of the proposed algorithm in this paper is higher than other
algorithms.

Figure 13 (a), (b), (c), (d) and (e), (f), (g), (h) respectively
show the complete images of bone stick of matching group A
and B stitched and restored using the above four methods.

VOLUME 11, 2023 23081



C. Liu et al.: Image Stitching Method of Bone Stick Fragment Based on Similarity Freeman Code Matching

FIGURE 13. Restoring results of bone stick fragments. (a) Matching group
A original method (b) Matching algorithm in this paper (c) LCS method
(d) Corner edge feature matching algorithm (e) Matching group B original
method (f) Matching algorithm in this paper (g) LCS method (h) Corner
edge feature matching algorithm.

B. APPLY TO BONE STICK FRAGMENT
This paper uses the test data set named ‘‘Bone Stick Data
Recovery 1’’ to verify the universality of the proposed algo-
rithm in the bone stick database. The test data set contains
200 bone stick fragments, which were unearthed at the site
of Weiyang Palace No. 3 in the Western Han Dynasty in
February 1987.

FIGURE 14. Runtime.

Figure 14 shows the runtime of different algorithms on
10 groups of bone stick data samples. The experimental
results show that comparedwith other algorithms, the runtime
of the algorithm in this paper decreases by 5.59s and 0.17s on
average.

Figure 15 shows the CSA of different algorithms on
10 groups of bone stick data samples. Compared with other
algorithms, the CSA of the bone stick fragment image
restored by the matching algorithm in this paper and the bone

FIGURE 15. Cosine similarity accuracy.

stick fragment image manually stitched by archaeologists
increased by 21.68% and 13.43% on average.

FIGURE 16. Editing distance similarity accuracy.

Figure 16 shows the EDSA of different algorithms on
10 groups of bone stick data samples. Compared with other
algorithms, the EDSA of the bone stick fragment image
restored by the matching algorithm in this paper and the bone
stick fragment image manually stitched by archaeologists
increased by 14.29% and 7.64% on average.

Figure 17 shows the PSNR of different algorithms on
10 groups of bone stick data samples. Compared with other
algorithms, the PSNR of the bone stick fragment image
restored by the matching algorithm in this paper and the bone
stick fragment image manually stitched by archaeologists
increased by 0.83 on average.

Figure 18 shows the SSIM of different algorithms on
10 groups of bone stick data samples. Compared with other
algorithms, the SSIM of the bone stick fragment image
restored by the matching algorithm in this paper and the bone
stick fragment image manually stitched by archaeologists
increased by 27% and 29% on average.

Figure 19 shows the FOM of different algorithms on
10 groups of bone stick data samples. Compared with other
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FIGURE 17. Peak signal-to-noise ratio.

FIGURE 18. Structural similarity.

FIGURE 19. Figure of merit.

algorithms, the FOM of the bone stick fragment image
restored by the matching algorithm in this paper and the bone
stick fragment image manually stitched by archaeologists
increased by 39% and 36% on average.

As shown in Figure 20, randomly select one fragment
and other fragments to complete the rough matching of

FIGURE 20. Fragments of bone stick to be matched.

the fracture edge sequence one by one until all fragments
have completed pairwise matching. Carry out corner-distance
threshold fine matching for the optimal matching group in
the rough matching results to determine the matching rela-
tionship, and restore the fragment that meet the matching
conditions to the original bone stick, as shown in Figure 21,
which result shows that the matching algorithm proposed
in this paper can achieve effective stitching of bone stick
fragments.

FIGURE 21. Restoring results of bone stick fragments. (a) Group 1
(b) Group 2 (c) Group 3 (d) Group 4 (e) Group 5.

IV. CONCLUSION AND FUTURE WORK
In this paper, we propose a method based on similarity Free-
man code matching for the stitching of bone stick fragments,
which has achieved good stitching results for the bone stick
fragments with obvious fracture boundary features. However,
because the matching algorithm in this paper is based on edge
features, there are some bone stick fragments in the existing
bone stick cultural relics database that have not obvious frac-
ture boundary features or missing features, which will cause
some errors when using the algorithm in this paper to match
such data images; Therefore, our next research direction is to
find a more accurate method to locate the fracture boundary
and combine the texture and color features of the fragment
image to complete the matching and stitching of the cultural
relics of the bone stick.
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