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Image Threshold Segmentation Method Based on
Cumulative Residual Information Energy
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Xi’an 710121, Shaanxi, China

Abstract  Generally, Shannon defined information entropy is used to measure information uncertainty, whereas,
Onicescu defined information energy is used to measure information certainty. However, information energy and Shannon
entropy display a dual relationship. Furthermore, the cumulative residual entropy is employed to estimate the information
uncertainty by replacing the probability distribution function of Shannon entropy with the cumulative distribution function.
Based on this, a new method to measure information certainty—cumulative residual information energy—is proposed and
applied to image threshold segmentation. To overcome the shortcomings of complex calculation and the low efficiency of
accumulated residual information energy, a recursive algorithm is used here to increase the running speed of image
threshold segmentation. Our experimental results show that the proposed method outperforms the classical maximum
entropy threshold method and other related threshold segmentation methods used for natural images and cell blood smear
images.
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Fig.3 Cumulative residual distribution function

&

=

—
o

—
=

=]

i

=10 -5 0 5 10 15 20
Variable

Cumulative residual information energy value

=

25 30 35

B4 RPURIARE e E R AL

Fig.4 Cumulative residual information energy function
3.3 MEEIUEN

H1 T 15O JEE SR o A i O I8 4% T —
i P A5, G ARE 3 43 A ok BBOE 2 TR AR A K DT
T —E M XN RN EAR, LR E RN L,
{h(g) Y=o IR E I o BB LA B {E o AR 5
BT 5 5 19 55 P A0, I8 43X A T B OB R AR
Z K35 A

1610004-3



Po(0)=>]""h(g), (8)

PU)=3"""hig), (9)
55 51 5 T 4343 0 0 O 14 R 5 4353 A g

Ffz{MO),h“)y~,Mtlw, (10)
P()(f) Po(f) Po([)
Ia:{hU)’Mt+1%“w/ML11’<1D
P(z) P (1) P, (2)
R AR S DO A == A P = |
.
e[ e DT
Edﬁ—zlil zj%“”}, (12)
I B O
El<z)—2,,[1 Z{le}o (13)
T 2R A B e — M R G B ErEr

T3 2B 4 G %%%W%ﬁ%%ﬁ%%ﬁﬁ%
k2 R /)N 1 BH S 43 22 T 2 R K AT Ot e A
{28 B N A =X
¢ =argmin [E,(2)+ E,(2) ] (14)
4 BEIFE
(1) W K BRCRRGE 5, TR
RIS A B R T B0 AR /N 1 338 A Bk X
PSR 5% 5 15 S5 R 3 20 0 00 %ot Nz 11y SR R A A L A
ARGEAT AL, A a5 004

W E () BT TF
S 1V I B SO
E{ jzom )} — 22T
1 t—1 i :
h(j)| o 15
Pz ()ZOLZO (1)} (15)

MELA(15) K, iz AXEL LR, T2
DK VA T3 e A BE , TR E P () fl e

E%m*ﬁOEMﬁﬁ%ﬁ%ﬁW%HMZZMH-

M =00 ,H X(2)=h(0
X(t)=X(t— 1)+ h(t)
Zad itk Z G Eo(2) R

M OoO<<r<L— 10 ,H

_171 () 2_ B 2 —1 i .
1 t— 1 i ) 247 -
a«miiik“ﬂ ' =
1 t—1 ) )
P2 1o

B, B ()R A

£ 6055 16 H/2023 £ 8 A/ B SHBEFZEHE

71,71 B i h(]) 2: - 2
El(”_z[l ZP](L‘)} AT

i=1 j=1

SYS () Zizmj>=
i=tj=1 Pl (f) i=t| j=1
2 L—1
L— —PI(I)Z[XM—XU—DH
1 L—1 2
X0 7[[X(z)—X(Z—1)] . (17)
VL 5 i 5% 15 5% 7 8 o ) Xk IO ) 0 R R R 2
] i 1k Sk
P)=S h()=X(1— 1), (18)
Pl(f):lih(l):X(L_1)_P<)(l‘)o (19)

LLUtm VAR, AR T S B2 BE 5 T ke A T
R E TR 1R AE S B e b LR AR 7
OB b — 25 87 I A T 52 R A R Ok 5 A P 9
T3 1A S0k S B A SR LUB B B A TH A B
BRI H Y

5 LRAVRE T

520 B F Python 3. 6 76 Windows 10 #:4/E & 4t F
PEAT . BEH LA Otsudk™ (k1) Fe ki O
%2) /N8 SRR (O ik 3) i K R B A
EE Ok 4) EIME BREE LT (5 ik 5) TN
Tk MR BRREVE T (O 5 6) 45 6 Fh o ik AT H AR o
S T B R o B A5 R X BR oy E 25 R R TR A
Ak
51 ARMNEGERGSELE

ﬁTmﬁ%ﬁﬁﬁﬁmF@%Lm PRI i
m5m£@5@%%ﬁﬁfﬁ@%ﬁﬁQ%Mﬁom
Rk AR s R AR R Ik B AR g A A 0
368016,135069 12074 ,100007 238011, ] izt /&l 1% 40
[ 5 7 FEXF L A K BE 1N 11 6 T 7, %o I A K B L
TEAE 7R o AT B R 95 28 L (5 TR
PE) 5 0B R R, 26 1R R T 4% R R A5 7 P 42
ﬁ%%%%FWiﬁﬁ&‘TL%ﬁﬁrmﬁﬁﬁ?
FERT, 203k 3 05 B A Al o B R 4 T«

Mﬁlﬁfﬁﬁ%%ﬁ&Tm%%,%ﬁww
E 8~12 fran , Horp [ Ca) S A7 v A EIAZ 2 A 1 4 1
5 5L B (b) ~ (h) 43 50 R vk 1~ 07 i 7 1 43 B 45
Ko A3 845 B AT LUE X5 L 5 32 349 380 4 513k
JERREE A, Horb 5 35 1(Otsu i) /E R % 5 %)
%ﬁﬁ&m%h%&ﬂmﬁ%m%{ﬁifMﬁﬁﬁ
368016 1 3 FIZL AR i R I 22, X 2 T Otsu ik 2
TG T 5 15 S 2 gy 2 3% m%mﬁﬁmﬁMT
B AR Ry AR HE AT G 40 0 0, BRI S B 4 1 vk
Zxad A R B B R R B AT R R 2R e B bR

1610004-4



£ 6055 16 H/2023 £ 8 A/ B SXBEFZEHE

5 R R 1R 5 R {0 F% . (a) 368016; (b) 135069; (¢) 12074; (d) 100007; (e) 238011
Fig. 5 Color images of test images. (a) 368016; (b) 135069; (¢) 12074; (d) 100007; (e) 238011
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Fig. 6 Gray images of test images. (a) 368016; (b) 135069; (c) 12074; (d) 100007; (e) 238011
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Fig. 7 Gray histograms of test images. (a) 368016; (b) 135069; (c) 12074; (d) 100007; (e) 238011
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Fig. 8 Segmentation results of different methods (#368016). (a) Standard segmentation; (b) method 1; (¢) method 2; (d) method 3;
(e) method 4; (f) method 5; (g) method 6; (h) method 7
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Fig. 9 Segmentation results of different methods (#135069). (a) Standard segmemalion (b) method 1; (¢c) method 2; (d) method 3;
e) method 4; (f) method 5; (g) method 6; (h) method 7
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Fig. 10 Segmentation results of different methods (#12074). (a) Standard scgmcntalion (b) method 1; (¢) method 2; (d) method 3;

(e) method 4; (f) method 5; (g) method 6; (h) method 7
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Fig. 11 Segmentation results of different methods (#100007). (a) Standard segmentation; (b) method 1; (¢) method 2; (d) method 3;
(e) method 4; (f) method 5; (g) method 6; (h) method 7
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Fig. 12 Segmentation results of different methods (#238011). (a) Standard segmentation; (b) method 1; (¢) method 2; (d) method 3;
(e) method 4; (f) method 5; (g) method 6; (h) method 7
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Table 2 Comparison of segmentation accuracy of test images under different methods unit: %
Image number Method 1 Method 2 Method 3 Method 4 Method 5 Method 6 Method 7
368016 40. 67 22.83 36.43 71.12 27.39 87.50 89.16
135069 96. 38 45.40 96. 39 93.38 67. 34 96. 44 96. 22
12074 76.67 45.27 75.54 45.85 65.98 76.44 76. 90
100007 83.62 44. 38 86. 86 66.48 73.81 76.51 89. 06
238011 83. 60 72.50 83.43 64.86 63.45 83.91 83.92
Average value 76.19 46.08 75.73 68. 34 59.59 84.16 87.05
3 MBS A ] Jr v T V(B £ IR L X 1L
Table 3 Comparison of peak signal-to-noise ratio of test images under different methods unit: dB
Image number Method 1 Method 2 Method 3 Method 4 Method 5 Method 6 Method 7
368016 44.1927 43.2047 43.9098 44.1428 43.2745 45.7884 45.9916
135069 49.3790 46. 3471 49. 3868 48.6248 46. 1141 49. 4305 49.3727
12074 44,5711 42.9522 44.5033 42.9325 43.6998 44,5484 44. 5544
100007 46. 3390 44.1118 46. 5349 45.1768 45.5190 45.7557 46. 5860
238011 42.8796 42.6017 42.8101 42.4032 41.7503 42.9628 42.9716
Average value 45.4723 43.8435 45.4290 44. 6560 44.0715 45.6972 45. 8953
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Fig. 15 Color images of test images. (a) celll; (b) cell2; (c) cell3
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Fig. 16 Gray histograms of test images. (a) celll; (b) cell 2; (c) cell 3
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Fig. 17 Segmentation results of different methods (#celll). (a) Standard segmentation; (b) method 1; (¢) method 2; (d) method 3;
(e) method 4; (f) method 5; (g) method 6; (h) method 7

K18 NI 7 i 0 43 B 25 2 (el 2) o (Ca)ARiES315 (b)) J5 ik 15 (o) ik 25 () ik 35 (e) ik 45 (D Irik 5; (@) ik 65 (h) ik 7
Fig. 18 Segmentation results of different methods (#cell 2). (a) Standard segmentation; (b) method 1; (¢) method 2; (d) method 3;
(e) method 4; () method 5; (g) method 6; (h) method 7
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Fig. 19 Segmentation results of different methods (#cell3). (a) Standard segmentation; (b) method 1; (¢) method 2; (d) method 3;
(e) method 4; () method 5; (g) method 6; (h) method 7
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Table 4 Comparison of segmentation accuracy of test images under different methods unit: %
Image number Method 1 Method 2 Method 3 Method 4 Method 5 Method 6 Method 7
celll 91.88 51.52 91.42 52.36 14.03 68.79 98. 67
cell2 94.21 40. 88 93.95 48.04 11.76 93.81 94. 34
cell3 90. 65 53.34 89.73 53.78 51.35 74.94 89.21
Average value 92.25 48.58 91.70 51.39 25.71 79.18 94. 07
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Table 5 Comparison of peak signal-to-noise ratio of test images under different methods unit: dB
Image number Method 1 Method 2 Method 3 Method 4 Method 5 Method 6 Method 7
celll 36. 5561 36..8090 36. 6380 36. 8600 36.1745 36.8294 36. 8690
cell2 35.7449 35. 4467 35.7032 35.4740 34.7912 34.7979 35.7911
cell3 48.3414 47.4848 48.0233 47.3395 44. 6664 47.0220 48.0512
Average value 40. 2141 39.9135 40. 1215 39.8911 38. 5440 39. 5497 40. 2371
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