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Oracle Bone Inscriptions (OBIs)

* OBIs are one of the oldest characters 1n the world, which are
inscribed on bone of cattle, turtle shells etc. about 3000 years
ago

* Aging causes these inscriptions are to be less legible

An expanded edition



Oracle Bone Inscriptions (OBIs)
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sizes are uneven; noises exist, broken, non-uniform inclinations



Why recognize? What 1s difficult?

* OBIs were discovered in 1899
 few papers describe them,
* the aging process has made the inscriptions less legible.

*|Hence, understanding the inscriptions 1s important for
researching world history, character evaluations, etc.

 What 1s the difficult

 the character sizes are uneven

* some smaller and bigger noises exist

e some characters are broken

 the inclinations of the characters are non-uniform

*|{Hence, OBIs recognition 1s very difficult, and common
OCR (optical character recognition) for OBI recognition
1S not easy.




Backgrounds and objectives

* Backgrounds

* Reading the OBIs 1s very important to help understand
the pre Christ era.

* With the increasing of calculating ability, the computer
are widely used 1n the archaeology by image processing

* Objectives
* Do the inscription recognition by using image processing
and the science of statistics.
* Do the 1nscription recognition for the history research

* Store and protect the inscriptions by the digital.

16



Image of proposal

 OBIs are described by sharp objectives and consist

of lines
« Extracting the line of OBIs
* Calculating the distance of line points in Hough space.

Line points in Hough

Line featu re Line Dﬂ ints in Hough Line feature
space / \ space
T4 Dl D4
Dz
D3
(a) Template image  (b) Hough transform and clustering (c) Original image  (d) Hough fransform and clustering
result for onginal image

result for template image

When the characters are same

Dis=T1 D1+ T2D2 + T3 D3+ Ta D4 L
Dis=0
17



Pre-Processing
* Noise reduction
e Skeleton extraction

* [.ine feature extraction

) Template database

Recognition

e Distance calculation

* Checkpoints recognition

Original image from rubbing

T ] Gaussian, Binarization | Noise o
1 & Labeling | reduction |
- . Affine transformation
] Template lmage size — Skeleton |
- ", -~ extraction ',
l."
Thinning Thinning '
Hough tranzform Hough tranzform
+ + . Feature
extraction /,-'
Clustering Clustering '
Distance calculation '
| Minimum distance .
— = First
stage
candl cand?2 candd =
—— [ “Candidate templates — .
Y Y
Checkpoint ‘ Checkpoint Checkpoint Checkpoint Second
Y L Y v " stage

Similarity calculation & selection of the most similar templates

Buissasoidaiy

'“v"
Buissasoud uoiuboosay
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Noise reduction

* Gaussian filtering and binarization for reducing
small noise

* Otsu method for threshold decision

* Labeling

* A histogram method to detect big changes in the
histogram of objects for detecting the threshold.

(a) Originalime of “zi” (b) Gaussian filtering (c) Binarization (d) Labeling
— Noise reduction - 19




Noise reduction

* Smaller noises reduction
 Gaussian filtering & binariation; Threshold decision by Otsu Method

* Larger noise reduction
* Labeling , threshold decision by Difference Histogram Method

(a) Original image (b) Gaussian filtering (c¢) Binarization (d) Labeling

2000
0o | Threshold: 105 Largest changing:
_ 0.90
% E"_J| 1500
e [+H]
-Tv
2 g
"J —
ﬂ 1000
= I
400 .b,_d.
A
a00
wu@ AR N_
1 L2

250 L L3 L4 L5 L6 L7
Pixel Lableing number
(e) Histogram of Gaussian filtering result (f) Lableing histogram after sorting pixle



Skeleton extraction

 Normalization:
* Affine transformation

* Thinning :

 Tamura method

e m .

(a) Original image (b) Labeling (c) Template  (d) Normalization  (d) Thinning




Skeleton extraction

e Affine transformation

* Transforming points and vectors 1n the original image space into
points and vectors in the database i1mage space

(sj‘) B (cus@ —Hin(v') (ﬂ[ X .rj) N (.rc)
yr )\ sinf@ cosé M X y, e
* Thinning
* Considering each of the eight neigh-borhoods (p2,p3...p9) of the

target pixel as one pixel (p1) and decides whether to peel it off
or keep it a skeleton.

15

Labelmg template image (f) Affine transformation (g)Thinning 22
- Skeleton extraction




[Line feature extraction

* Hough transform

* A method for extracting the line by transforming the (X, y)

space to the (p,0)
* Clustering

Original

Times

7

A I

I . o 0
(a) Thinning

l-.. IR

(b) Hough Transform

Template o i

LU
(e) Hough Transform 3D result on criginal

(¢) Thinning

(d) Hough Transform

0o

(f) Hough Transform 3D result on template
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p = x cos(B) + y sin(0O)



Times

)
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SUTLIO

200

.

il

0 0 Algorithm 1 line point decision

C' < SortC
while C # NULL do
Search LC' ; Generate SDis by using LC and LPs, Search MinDis
[ C ent er Of Chl St er if ({lf 111?; 3111; :q lower than the radius of SLP then
else {ﬂfé'nDTafs is lower than (the radius of SLP+30)}
record (the radius of SLP < MinDis ) into LPs
else
input the LC into LP and keep the axis
end if

end while




Two-stage recognition

NorDis — DisLines

---Distance calculation

(" S -, R R Tl - pt e
e []
[-] E
C
c []
[-] A
a 1B
b
3 - D
d []
[]
_;--"'- ‘.“'*m. .-""'-- h-x'“-. .-"fr H-H"x il - ;""'r -H“"-m_ _,-*"'— HH"%. -f'#.’ h\"“- == ok
(a) Line point clustering (b) Line point clustering _ -
results of template results of original Dis=adA+bB 4+ cC +dD +eFE

SumDis . N[qtchLines — SumDis x MatchLines

DisLines DisLines?



Two-stage recognition
---Checkpoints

we use the checkpoint hit rate for renewing the
similarity rank and improving the recognition accuracy again.

(c) Checkpoints  (d) Checkpoints in original (e) Checkpoints
image of affine transformation N template

Second stage recognition



Experimental conditions

* We used 30 templates as the dictionary
A HXAPER=EE BRI XS

0 m1 =2 i3= w4 =5 m6 =7 88 =9 &10 =1 1 13 «14

Z ¥ F ':ZI‘IQH')"EEP

215 =16 =17 718 ®19 20 m21 =22 423 24 25 26 =27 =28 w29
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29 kinds of original OBIs about 576
characters to measure the performance of
our proposed method.
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Eftective of two-stage recognition

Table 1. Recognition results of © £~

First Second T hird Fourth Fifth
0| t0 (31.76) | t3 (40.36) (49.03) | t6 (54.60) [t23 (56.35)
Inl|t0 (34.34) |t16 (4(’;.:3:3) ( 50.60) 20 (51.15)|t13 (54.76)
In2| t0 (21.22) [t20 (35.64)| t3 (41.43) [t16 (41.68)(t24 (50.91)
3| t0 (28.30) | t3 (50.71) 00 (55.83) [t20 (57.69)[t16 (59.00)
Ind| tO (9.18) [t13 (52.27)[t13 (54.91)|t21 (:b 20) t16 (57.02)
In5| t0 (24.71) [t13 (43.06)] t3 (55.46) [t16 (58.91)(t29 (63.61)
In6| tO (16.57) | t3 (41.63) [t13 (50.83)|t16 (52. 04) t29 (57.90)
In7|t13 (40.67)(t20 (41.56)(t16 (50.79)| tO(50.97) | t3 (51.86)
In8|t13 (38.15)] t0 (42.42) [t16 (45.07)|t28 (54.40)| t3 (60.63)
9| tO (11.86) | t3 (40.97) [t28 (45.81)[t13 (51.62)[t22 (56.05)

{a) Target OB {b} Template in Rank (c) Template in Rank (d) Template in Rank (e) Template in Rank (f) Template in Rank
1 of first stage 2 of first stage 3 of first stage 4 of first stage 5 of first stage

Fig. 10. Recognition analysis of " £” in second stage.



Recognition analysis

{a) InD results

ﬂfﬂlﬂ-

{1y (2) (3)

(h) Inl results

ﬂ {(2) (3} {«1)

[
HiE|

g

(e} In2 results

il 3 A

(1) (2 (3 {4)

{
—i—

()

L]

(d) In3 results

[]

{e) Template results

Fig. 9. Recognition analysis of " E£”

in first stage.

 Figure 9 (a) shows that parts of the OBIs are broken, and
in (b), there is noise still exist.

 However, the cluster extracts the line feature correctly
and the 1nscriptions are recognized.




Conclusion

 Conclusion

 We propose a two-stage recognition system that consists
of line points and check-point recognition

* In total almost 90% of inscriptions were recognized on
the third-most stmilar templates.

 The proposed method can recognize inscriptions well,
even 1f noise exists, the original inscription images were
tilted and broken, and the whisker exists in the thinning
results.

 Future work

 Analyzing the reason for failure and increasing the
recognition rate are major future work.

* Increasing the dataset of templates and original OBIs
will be an important future works too.
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