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Abstract

In order to solve the problem of speckle noise in medical ultrasound images, it affects the ability
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to provide accurate pathological diagnosis for clinicians. In this paper, an adaptive gradient-
based nonlocal homogenization algorithm is proposed for de-speckling noise in Medical ultra-
sound images. The algorithm preprocesses the noisy image using Median filtering and calculates
the gradient of the noisy image and then processes the gradient image using a new nonlinear
binarization method to obtain the image adaptive attenuation parameters from which the simi-
larity weights are determined. Finally the denoised image is obtained by utilizing to the non-
local mean algorithm. Numerous experiments show that PSNR of the proposed algorithm in this
paper is improved by an average of 13% and SSIM is improved by an average of 15% when com-
pared with the effects of several classical denoising algorithms on three simulated images with
different noise intensities; ENL of the proposed algorithm in this paper is improved by 158%,
26%, and 88%, and CNR is improved by 15%, 25%, and 23% when compared with the effects of
several classical denoising algorithms on three real clinical Medical images, respectively. Com-
pared to several classical denoising algorithms, the algorithm proposed in this paper is more
effective in suppressing speckle noise, preserving small structures and enhancing image con-
trast.
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Figure 1. Gradient in all directions

E 1 &AEN%E

SRMIAEZFPIE DL, BB P RS AR 5 KB 75 SRS A BB RE AR AL, 3 S50 75 TR R PO A0 3 Ml LA HE B i
ihe HERFTHRAL ERERGT, BEE, KEMEBK, R MG, E 20K
BIN GRS BRI mis PO, IR, RS RN R P BB RER N, 2 B0 B R )1 X
s AL, AT AR E B AT A, ARBEEIRAN R 1 R

Table 1. Nonlinear binarization algorithm for gradient images
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Figure 2. The flow chart
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FRE, 70 790068 AN ) 8 B0 10 25 R P R ER Fp 5 K0 15 B < T K 0 BEAT AL EE - PSNR HE SCA[17]:

255°
PSNR =1o-|ogm(MSEj 8
MSE:Zi:lzizl(‘u(i’j)_v(i’j)) (9)
M -N

DOI: 10.12677/0rf.2024.141059 632 BE 51


https://doi.org/10.12677/orf.2024.141059

Wi

b, (i, ) FoR T A EE v b (i ) B EREREE, FOREREIR u b (i, ) B ERIEE . M AN 2
R BRI AN FE . SSIM € XN[18]:
(2av +6,)(2cov(u,v)+6,)

S (2° +V* +6,)(var(u) +var(v)+6,)

(10)

Horr, o, 0, RARNKIE AL, HRREER > TR RN E . cov(p, V) NITTZE, 1MV I FIME,
var () Fll var (v) 2 B 175 % .
N T VIR BT VAT R S G LR, [ ES % fakR ENL Al CNR, ENL &) i H TH=
5] XSk R O o D (AR AE S 4, CNR AT LA & B i & . ENL 1 CNR 5E X [18]4:
ENL = £ (11)

Op
|,ub _ﬂo|
Joi +o?
Horfr g, #0243 508 B bR RS P SO g A (R T 22,y R0 o2 43 50R BAR TR R S 1 B R bR
o
XTI LR i, AT S H LR RAFH R LE R . AT NLM JEE 7%, K RE
FIE e A 11 x 11, AL & DS € 4 5 x 5. /i disc B A 3/5. B E N 36. ¢ #HikE N 0.07,

3.2. IR MERE

CNR = (12)

321 SERHEEE

Figure 3. The results of simulated image denoising
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Table 2. PSNR and SSIM of each denoising algorithm
2. BERMREER PSNR 1 SSIM

PRUTHRAR  WRAEIRE% AR PMJEH  NLM R H{EDEN  BM3D I AT

30 20.62 22.37 21.55 25.38 25.73 26.29
PSNR 40 20.18 21.66 21.50 23.86 21.53 24.46
50 19.81 21.11 21.42 22.86 21.71 24.44
30 0.60 0.59 0.62 0.71 0.68 0.74
SSIM 40 0.54 0.52 0.62 0.66 0.60 0.67
50 0.49 0.47 0.61 0.62 0.58 0.63
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Figure 4. Denoising results of each denoising method in digestive submucosal tumor
ultrasound image 1
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Figure 5. Denoising results of each denoising method in digestive submucosal tumor ultra-
sound image 2
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Figure 6. Denoising results of each denoising method in digestive submucosal tumor ultra-
sound image 3
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Figure 7. Areas of calculated ENL in three ultrasound images of digestive submucosal tumors

E 7. ZANECRIR T B ARG DT E ENL BIXE

Figure 8. Areas of calculated CNR in three ultrasound images of digestive submucosal tumors
8. =MHMUALE T MBI A B PIHE CNR XE

Table 3. ENL of three ultrasonic images of digestive submucosal tumors
= 3. ZAMHLERR T BB A B 15 A ENL

K& (X 45 YELIEDL PM JEJ NLM JE3 HEUEB BM3DEM AR

AN 74.95 66.37 90.93 76.96 55.20 119.72
% 81.12 86.28 104.61 82.51 71.19 145.48
. % 40.12 51.68 91.31 51.57 38.53 100.91
=% 26.34 208.03 459.08 224.05 53.81 684.00
AN 8.37 9.72 9.96 9.63 8.49 11.11
o 15.64 27.16 27.26 22.15 22.78 28.51
? 15 2.24 2.46 2.38 2.38 2.23 2.63
S 13.80 16.85 17.69 17.00 15.88 21.60
ar 45.80 41.04 59.70 51.72 39.65 116.67
% 74.85 85.69 105.34 83.90 69.78 106.47
’ % 41.40 66.13 97.91 65.42 52.95 121.58
3 25.64 61.61 87.79 65.75 35.24 127.90
DOI: 10.12677/0rf.2024.141059 636 185 S


https://doi.org/10.12677/orf.2024.141059

Wi

Table 4. CNR of three ultrasonic images of digestive submucosal tumors
= 4. ZATHAARIE T BB A ESRA CNR

KB X 42k YEN PRI PMES  NLM BB Th{HuEM  BM3D W ASCIEME
a 1.63 1.79 1.69 1.98 2.04 2.17
% 0.28 0.46 0.43 0.63 0.54 0.68
' W% 2.37 2.19 2.23 2.29 2.46 2.48
S 1.06 1.10 1.09 1.26 1.22 1.27
AN 0.52 0.49 0.54 0.50 0.51 0.56
% 0.11 0.28 0.29 0.36 0.31 0.40
? i 0.41 0.35 0.36 0.16 0.37 0.68
E3 1.67 1.74 1.65 1.52 1.78 1.83
a 0.12 0.18 0.22 0.21 0.33 0.38
% 1.47 1.46 1.49 1.30 1.51 1.70
’ [} 1.49 1.90 1.76 1.74 1.86 1.97
% 0.14 0.07 0.17 0.01 0.02 0.25
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