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A Sparse Gradients Field Based Image Denoising Algorithm via Non-local Means
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Abstract
similarity and structural information’s redundancy of images. But the weight function of NLM algorithm cannot accurately

Non-local means (NLM) algorithm can obtain very good denoising results by making full use of the self-

measure the similarity between image patches in the case of strong noise. Therefore, the weight function of NLM has been
improved by using the gradients information of images in many papers. However, the traditional gradients operators cannot
improve the accuracy of similarity measurement efficiently because they are sensitive to noise. This paper proposes a sparse
gradients field (SGF) based image denoising algorithm via non-local means, in which the SGF of image is introduced to
redefine the similarity measurement. First, a global sparse gradients field model and an adaptive sparse gradients field
model are proposed which is different from traditional gradients operators and solved by forward-backward splitting
algorithm. Then, the algorithm is proposed by redefining weight function via SGF. Experimental results demonstrate that
compared with the NLM algorithm and other improved algorithms using information of gradients our proposed method
has a better performance both in objective measurement and visual evaluation.
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Fig.2 Effect comparison of various gradient operators on noisy image (o = 20, 50)



9 1 GSUESE SRy s IR IR TS SN RCArS 1545

AHWHFAZ Jug?| + [u)]) (2)

Hod N Z2IEN S BA0 (1) fs (2), #E i
i B3 (Sparse gradient field, SGF) #i >k 3]
Vu.

Vu = arg HllIl L 1(Vu) =

g o i { > il
Vw@f—%»”+wvﬂh} (3)
1 TR 1 G AU B X ek, P 45 1) 8 P A AR A Sl

B4, —Br Taylor JEIFxC2s H I 115 22 ORI 1)
SRR B A0 a6, R I 5 2 AU
[F [P 250, AN BEAE 25 B Mt 75 I DR 358 40 71 2 )k 2]
R LR, B2, X BUEIE R, s ZRIRZ 401,
R, WIASREAT 25 Hh 2 B 75 O T fif vl b ad )
BATDFREAL (3) fEwn Fodeddt: —J7TH, 720 (3) AL
P 00 P N R Ak v R s R 22 A B Taylor
JE I

u; = u; + Vu,(z;

%(-'L'j — ) H(u)(z; — 2,)"

—z;) +

KA ITHEATIE IE, H %78 Hessian FE %, FU A
y; M H (ys) 284wy Ko H (uy), 193057 1050 0

Yi —Yj + Vul(xj —xz) + 7

K 7 SRR y 16z, A —F Taylor JEJT
KRTUGE, 7 = vi(z; —z)H(yi)(z; —z)", 5
By MRS IR KA, BIERR AR AR
GHE 73 BB /0N, T A0 2 AR A 5 R R 3L 5 RN 4
PEER Ay BB ROK Sy — 7, 1Ay B E N 250 A
FEIGHT DIIE RO, DAEA 250 L BRI P, iy /el
GRS 7y BB AL, DB DR R4 5 M2 38 4544,
A] DLARHE AN [F] 47 B 1) 77 22kt 280 X i,
T 2R, U WTZ A E AR A AR, U /N EA
PREFGETT, Rz, WRTT ZRBN, wlh& A T
DR sk, SRR O DA 2 B gt 7
FZIERILL IR R, 45 A BE N I A B

BEImti Rl (Adaptive sparse gradient field, ASGF)
R

Vu=arg min &5(Vu) =

VueRN %2

N
1
a%wggm{EjNWAy

4,j=1

z;) +7)° +

Z} W|+W@)} (4)

ENAEZE N RSB FACPAER, S8y 1)
WA oy AR 7 ZE R N, 8 S0 LA 28

V’UJZ‘ ($j —

L Jo2e vz
Y20, Vi<W
o5, ViV
"o, Vi<

Horh, Vi BOR M s AT 22, Vi FRonBIE, Vo AU
SCHR [13] A AR R F 5 I BB T 45 2.
1.2 FRAEE - [F D REERERGEEIHEE

7 B AL BERIHL AR 2% S b, il — A o R4
VR R e 1) YR DS LA ) Al Sy T
SRABPLACIA RS (3) A (4), ANSCIEE & TR [15]
1) — MR 2 45 2.

15, K @, R TUREE G ) &, =
D, + Ry,

1(Vu,) = Z wi;(

Ri(Vu;) =\ (\u |+ [ul)])

JJLQJE D, Fl R, Pl S E/J H D, T1ﬁ T AL B
S 2. 1R — 170 )5 23 R A Rl I X YV,
ARSI AR . g AT V™, R R
R

Vugkﬂ) = ProX;p, (Vugk) —0VD, (Vugk))>

—Yj +vuz( xZ))Q

XHL, 0> 0 R K, MILH T proxs,, &XHN
ProXsp, (v) =

arg min

1
o min <2HU — Vul + 5R1(Vu)>

LHEATHNE, WAUKH VD, (Vu;) M prox,p, (+).
AR 543 5

N Z“U

T

—y; + Vu(z; — ;) (z; — i)



1546 H ]| 24

41 %

T Ry J& 1y W, B4 proxsg (1) & MHisE
Tl 4

P® = vu® — 5D, (VUE’”)
T\s (Pi(k)> = PIrOXspg, (R'(k))

e, X = (o), pINT, A4

T
Txs (Pi(k)> = <TA5P§{C¢)3TA5P;{? )

H
Tapil = Q=28 g ’
gy Pair [Pail > A6
|pd,i |
d=1,2 (5)

T2, 13 20 R IEACH 10 157 — ) )5 2 R B R SR A
= (3):

Vutt = Ty (P}’”) (6)
BT (4) [PSRARISFE &R, % @y = Dy + Ry,
Hrp

1 N
N waj(yi —y; + Vui(x; — ;) + 7:)°

=1

J
Ry (V) = i ([ull)] + [ul)])
B (4) SKARIPEAR AT
{P}’“ = vul — VD, (Vul)

V’U/l(-k-i_l) = T>\5 (R(k)>

2 ETHEERNIERBEREE
21 ANRUREREZE
W ECE A GO y = {y(i)]i € N}, BRARE
%A u = {u(@)|i € N}, N FRIH 5B %S A%L
fEZ ML NLM oM ydirh Al v ae) A2l %)
FA B AT 15 31):
a(i) = NL(y)(i) = >_ wl(i, j)y(i)

JEN

(7)

BUAEL w(i, ) BEHA TR R R 5 5 ZRIAAH L
PE W 0 <w(i,f) <1 K Y ywlig) =1, Hil

1 ly (N;) —y (Ni) 113,
Z0) eXp{‘ h? }

oy (V) REREE R, N, RaaLBE AT
LT TEARSE S48 b 45 e R A S v B, |
AUAE 1) S 950 B, DRI T s A5 B IR R EE. 8 L)
NLM s 5k, AR 25 i 2 18] AR AU A2 R F 2K
JEE AR v} B8 P i 0 SO K P B 8 vt . AR, 24
FE PR 5t B BRI, ASOR) A R AR BE AL TR g X
B S AR E AR 2 B — 5,
o VRGP0 A0 15 DA S 0B X5 TR, 7 i g 75 1Y)
T O N IX BRI G B s 5 — T I, 3X R AR AL
JEE AN BEAR - s bl PRI I &5 R 1 5. AR ST
(1) 55 T s it e JEE 1 V) A Ry 355~ 1) 2 M B Y (Sparse
gradients NLM, SGNLM), 7t & BRI, AN
7 18 BB P TR R FEAR R ARARL TR, AR 2% 1 1) s AR
AV GE R FRIARABLE, BASH B2 (R ARARA . BB 2 el R =X
gyt

a(i) = SGNL(y)(i) = Y w(i, )y(i)

Hh, w(i, j) i (8) %
w(z,]) =
1 ly (N;) =y (N3) 5.
7 T
(1 @ I70) = Yu (V) Hz,a)} -

K, Vi (Ny) AERREEAE TR, o 2T #5240
ARSI LML Ry AW, il 3 s, MBI e
R, B DRI D IS R R S B
Yy, SRJEAER I SCHR [16] 5925 BB 75 K1 I,
ARELAAR R BT 2 25

K3 B TR ih 7 I AR JR 9 A 2: g =X
Fig.3 Two-stage formula of sparse gradients field based

image denoising algorithm via non-local means



9 GSUESE SRy s IR IR TS SN RCArS 1547

2.2 HEXEZRELEK

BB GRS BEGE N, G R
N V5 x /s, MREMNT A VT x VT. T
NLM S35AE v S S AL AR L B, A Eu-
clidean FEE MR N O(s?), PrLlizfiikm R i
JEh O(s*TN). % STNLM ik, oF 5 &5k k
AR JT R VE X VE, ISR
O((s* + t)T'N). FeT A% 7V B AE a1 A A 1Y
MR A O(s2T?N), Xt i TS AE— A4
MR E O(s*T?) KI5 &. BM3D Sk
I O((sT+n/s34+n%s)N), Hrn & 544
S YOO N AR AL R )~ 3 AN B A5 e 1 B
i, FRST A VE x VE R 0GR 251
BREE, I SGNLM Sk 02 O((s* + t)TN).
PLES M, 2t < s® i, SGNLM 1 NLM 5
LR EAR Y.

3 LWHER
3.1 BRHEIREINEEE

A5 LL Cameraman PG 461, i H & N
HiEG BT (ASGE) & #etE (ILKl 4 FIEl 5).

Ratio

0 56 1(3:0
[teration number
4 ASGF SFER R & H 1k
Fig.4 Robustness of ASGF algorithm to

the number of iteration

(a) d=4 (b)d=6 (c)d=8
Bl5  ASGF HHOG M2 5 d 18t
Fig.5 Robustness of ASGF algorithm to

the parameter of block size d

HG, ASGF BIAES k 4+ 1 KIS 2 KR
FEY Vurtt 5k YOS RIBEREY Vo Z
fH

Vet
ratioy = HVU’“Hl

B H AR AT 56 SE TR AR B AR k. B 4 6
WIBE A 1B AR B ) G, 551 30 (1) &5 AR AL B
ko, TR, BCE R R AT &R
|ratiog, — ratiog] < 1074

NI, WHEHEX TH IR S50 d &
FANAE SR8 5, R T AR TR TR, DAt v
BE AP OE—PNKANN (2d+1) x (2d+ 1) 1)
T, I T Rl T rhD RUAR BB, AT I T
JT S 40 d RIS e KPR R, e & Ik 5L 5
o BUEVEEEE N 2 < d < 8. SEEGERW, 4w
HALZE AL S H d W, 15 B 086 R 22 AR/
(Kl 5), UtHIEER T d R EFER. & LIRVEHN,
A I g R B AR 2 8, W I RRAE 2 o
<350, WMd=3;%0>35 M, Wd=5 f7E0f
S, 28 a = 0.7 B, S REM; PKSE S =
0.01, PAPRUEEE RS E V.
3.2 EKIRPRAYXS L

AATRHKJEE Barbara. Peppers. Man.
Lena (256 /%% x 256 14%). Lena. House. Hill,

Cameraman. Boat (& 6) FIE ARG (K 7) 14
MR, AERRAEZE 73 501024 20 30+ 40+ 50 B 57

K6 KEEMIKE
Fig.6 Test grey images



1548 H ]|

=3 [

41 %

K7 BelhidE (BG s BB NS 1~12)
Fig.7 Test colour images (Images 1 to 12 are

enumerated from left-to-right and top-to-bottom.)

I R SR, o NLM 509 SCHR [7) F0ocwk [8] Hig
HH 35 T A% B J5 VR 1) B R R R A (Lst-order
NLM A 2nd-order NLM). 3C#ik [12] Al I g5 445K
F UG NLM 595 (STNLM) LA H i 25 ek 4
el i) BM3D B 5 A SCEE HE ) SGNLM. Syt
F7EREE. SCHk [12) CoFF STNLM S92 80— S5 F B
FEAE B gt NLM 50354 T g, JfF H STNLM
FVE IR AR, BRI B LA STNLM 5
TR SEGGE R A TS, 5K S G ) e s G

(a) NLM

(d) STNLM

(e) SGNLM

K8 LR Mo KR R KR B (0 = 20)

Fig.8 Denoising comparison of various denoising algorithms on gray image (o = 20)
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(¢) 2nd-order NLM
(d) STNLM (e) SGNLM
K9 JURtZEREEN RO BRI ELE (0 = 50)
Fig.9 Denoising comparison of various denoising algorithms on colour image (o = 50)
1 HAEBREPNKE BB IIPER LR (PSNR)
Table 1  PSNR comparison of various denoising algorithms on gray images

Ji % ik Lena Barbara Boat Hill House Lena256 Peppers Cameraman Man
NLM 31.35 29.82 29.22 29.2 32.15 29.49 29.65 32.15 29.21

1st-order 31.56 29.84 29.22 29.05 32.29 29.88 29.83 32.1 29.14
2nd-order 31.8 30.12 29.75 29.59 32.19 30.06 30.37 32.12 29.65

20 STNLM 32.01 30.21 29.88 29.72 32.5 30.13 30.44 32.35 29.86
SGNLM 32.15 30.48 29.98 30.1 32.56 30.13 30.18 32.73 30.09

BM3D 33.06 31.78 30.88 30.72 33.79 30.91 31.23 33.88 30.59

NLM 29.29 27.25 27.15 27.29 29.61 27.36 27.24 30.01 27.33

1st-order 29.25 27.13 27.04 26.99 29.46 27.59 27.25 29.93 27.08
2nd-order 29.56 27.57 27.64 27.75 29.67 27.78 28.04 29.91 27.68

30 STNLM 29.84 27.71 27.82 27.96 29.98 27.92 28.17 30.31 27.97
SGNLM 30.43 28.56 28.24 28.37 31.05 28.42 28.35 30.91 28.39

BM3D 31.29 29.81 29.07 29.15 32.12 28.82 29.14 31.43 28.86

NLM 27.79 25.49 25.7 26.04 27.63 25.8 25.42 28.42 26.04

1st-order 27.56 25.23 25.49 25.68 27.25 25.85 25.22 28.26 25.68
2nd-order 2791 25.75 26.13 26.51 27.76 26.15 26.24 28.2 26.32

40 STNLM 28.33 25.94 26.31 26.76 28.07 26.33 26.42 28.72 26.63
SGNLM 29.04 26.97 26.94 27.12 29.48 27.06 26.83 29.65 27.15

BM3D 29.91 28.06 27.67 27.95 30.76 27.23 27.6 29.52 27.63

NLM 26.59 24.23 24.62 25.13 26.1 24.53 23.94 27.08 25.05

1st-order 26.22 23.86 24.32 24.77 25.64 24.41 23.58 26.8 24.63
2nd-order 26.63 24.46 24.98 25.56 26.3 24.87 24.78 26.76 25.29

50 STNLM 27.21 24.69 25.19 25.87 26.66 25.14 25.02 27.36 25.63
SGNLM 27.93 25.65 25.9 26.17 28.14 25.97 25.61 28.64 26.17

BM3D 28.82 26.85 26.45 26.96 29.42 25.8 26.11 27.88 26.62
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Table 2 SSIM comparison of various denoising algorithms on gray images

g ik Lena Barbara Boat Hill House Lena256 Peppers Cameraman Man
NLM 0.83 0.851 0.771 0.747 0.835 0.836 0.845 0.858 0.78

1st-order 0.818 0.852 0.769 0.741 0.835 0.834 0.848 0.851 0.776
2nd-order 0.832 0.852 0.778 0.751 0.828 0.845 0.851 0.847 0.783

20 STNLM 0.842 0.858 0.779 0.755 0.845 0.849 0.856 0.858 0.791
SGNLM 0.859 0.882 0.806 0.783 0.856 0.868 0.867 0.898 0.819
BM3D 0.877 0.905 0.826 0.804 0.872 0.882 0.887 0.917 0.834

NLM 0.763 0.77 0.696 0.666 0.769 0.766 0.778 0.785 0.702

1st-order 0.755 0.768 0.69 0.654 0.764 0.748 0.778 0.77 0.692
2nd-order 0.756 0.768 0.697 0.7 0.753 0.769 0.782 0.762 0.699

30 STNLM 0.785 0.785 0.702 0.679 0.786 0.778 0.792 0.812 0.714
SGNLM 0.817 0.824 0.743 0.712 0.827 0.817 0.821 0.854 0.754

BM3D 0.845 0.869 0.779 0.75 0.849 0.838 0.851 0.878 0.78

NLM 0.695 0.691 0.628 0.599 0.697 0.7 0.713 0.713 0.633

1st-order 0.679 0.684 0.63 0.585 0.687 0.664 0.707 0.689 0.619
2nd-order 0.681 0.686 0.625 0.602 0.675 0.696 0.712 0.678 0.625

40 STNLM 0.728 0.714 0.632 0.623 0.724 0.721 0.727 0.758 0.655
SGNLM 0.773 0.767 0.692 0.657 0.787 0.768 0.776 0.811 0.701
BM3D 0.817 0.824 0.737 0.708 0.83 0.798 0.818 0.842 0.738

NLM 0.63 0.619 0.567 0.54 0.625 0.635 0.649 0.642 0.571

1st-order 0.606 0.607 0.557 0.527 0.611 0.586 0.637 0.612 0.555
2nd-order 0.61 0.612 0.56 0.543 0.6 0.629 0.646 0.599 0.561

50 STNLM 0.697 0.649 0.582 0.579 0.662 0.662 0.665 0.702 0.606
SGNLM 0.729 0.71 0.645 0.609 0.742 0.722 0.731 0.768 0.653
BM3D 0.798 0.788 0.699 0.672 0.815 0.762 0.79 0.813 0.702

3 FP RPN RO RGN L (PSNR)

Table 3 PSNR comparison of various denoising algorithms on colour images

g ik 1 2 3 4 5 6 7 8 9 10 11 12

NLM 28.10 28.53 28.17 29.93 25.98 29.23 31.73 31.27 29.71 30.13 33.47 28.72
1st-order 28.21 28.60 28.09 30.04 26.15 29.32 31.67 31.17 29.77 30.13 32.92 28.85
2nd-order ~ 28.27 28.53 28.29 30.11 26.53 29.31 31.72 31.35 29.85 30.22 33.54 28.98

20 STNLM 28.16 28.57 28.29 29.94 26.12 29.27 31.62 31.27 29.73 30.15 33.39 28.83
SGNLM 28.44 28.65 28.36 30.17 26.55 29.34 31.97 31.43 29.85 30.24 33.76 29.01
BM3D 30.37 30.95 30.90 32.24 28.89 31.16 33.27 33.36 32.12 31.87 35.45 30.98

NLM 26.07 26.08 25.99 27.83 24.24 27.00 29.06 29.03 27.62 28.15 30.81 26.74
1st-order 26.12 25.92 25.94 27.19 24.30 27.15 28.76 28.43 27.68 28.19 29.27 26.80
2nd-order  26.24 26.04 26.03 27.71 24.44 27.20 29.15 29.03 27.79 28.28 30.94 26.87

30 STNLM 26.15 26.09 25.98 27.84 24.28 27.01 29.09 29.04 27.60 28.17 30.78 26.77
SGNLM 26.57 26.41 26.42 28.11 24.88 27.38 29.44 29.23 28.00 28.42 31.19 27.12
BM3D 28.06 28.36 28.45 29.96 26.37 28.91 30.69 31.34 29.84 29.90 33.25 28.54

NLM 24.68 24.25 24.69 25.99 23.03 25.52 26.93 27.52 26.41 26.77 29.02 25.35
1st-order 24.66 24.23 24.60 25.84 23.15 25.50 27.06 26.94 26.54 26.79 28.73 25.44
2nd-order  24.70 24.36 24.75 26.28 23.21 25.67 27.34 27.70 26.24 26.99 29.61 25.51

40 STNLM 24.77 24.32 24.69 26.05 23.07 25.56 26.98 27.54 26.43 26.79 29.04 25.40
SGNLM 24.89 24.61 24.73 26.48 23.47 25.84 27.48 27.73 26.55 27.06 29.54 25.59
BM3D 26.44 26.23 26.39 28.06 24.59 27.12 28.49 29.59 28.09 28.42 31.22 26.66

NLM 23.39 22.46 23.16 24.49 21.87 23.98 25.11 26.33 25.16 25.59 27.25 23.93
1st-order 23.48 23.05 22.78 24.68 21.94 24.27 25.41 26.30 25.17 25.73 27.52 23.86
2nd-order  23.75 23.19 23.19 25.06 22.17 24.48 25.65 26.64 25.31 26.10 27.92 24.16

50 STNLM 23.44 22.53 23.19 24.55 21.91 24.02 25.15 26.34 25.19 25.62 27.29 23.99
SGNLM 23.66 23.36 23.21 25.14 22.36 24.65 25.74 26.64 25.35 25.99 28.04 24.29
BM3D 25.46 24.76 25.13 26.77 23.28 25.82 26.72 28.67 26.95 27.47 29.78 25.44
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Table 4 SSIM comparison of various denoising algorithms on colour images
i 7 RS 1 2 3 4 5 6 7 8 9 10 11 12
NLM 0.826 0.873 0.884 0.819 0.785 0.815 0.861 0.834 0.876 0.81 0.91 0.852
1st-order 0.837 0.882 0.892 0.829 0.813 0.829 0.64 0.835 0.873 0.816 0.89 0.857
2nd-order  0.838 0.88 0.889 0.824 0.807 0.821 0.863 0.834 0.881 0.813 0.911 0.859
20 STNLM 0.829 0.876 0.887 0.822 0.792 0.819 0.862 0.835 0.877 0.813 0.908 0.854
SGNLM 0.85 0.883 0.894 0.835 0.827 0.837 0.869 0.848 0.885 0.83 0.918 0.866
BM3D 0.884 0.916 0.918 0.877 0.862 0.866 0.895 0.891 0.912 0.862 0.93 0.903
NLM 0.764 0.803 0.846 0.761 0.706 0.751 0.814 0.773 0.832 0.753 0.882 0.792
1st-order 0.768 0.808 0.837 0.768 0.73 0.754 0.797 0.74 0.779 0.726 0.781 0.791
2nd-order  0.769 0.812 0.845 0.768 0.73 0.758 0.818 0.776 0.833 0.757 0.881 0.8
30 STNLM 0.768 0.807 0.846 0.763 0.71 0.753 0.814 0.773 0.832 0.753 0.880 0.793
SGNLM 0.773 0.806 0.858 0.774 0.73 0.758 0.817 0.778 0.831 0.757 0.882 0.798
BM3D 0.813 0.859 0.881 0.822 0.764 0.801 0.855 0.841 0.873 0.801 0.91 0.848
NLM 0.687 0.708 0.785 0.697 0.605 0.678 0.773 0.702 0.778 0.694 0.86 0.724
1st-order 0.698 0.74 0.787 0.675 0.615 0.689 0.748 0.702 0.702 0.691 0.715 0.73
2nd-order 0.706 0.723 0.79 0.705 0.628 0.686 0.78 0.703 0.778 0.696 0.86 0.73
40 STNLM 0.692 0.713 0.785 0.699 0.61 0.681 0.773 0.702 0.779 0.694 0.859 0.726
SGNLM 0.698 0.728 0.786 0.701 0.633 0.69 0.78 0.72 0.781 0.695 0.859 0.73
BM3D 0.745 0.788 0.834 0.761 0.669 0.737 0.816 0.78 0.828 0.744 0.889 0.785
NLM 0.607 0.607 0.707 0.637 0.513 0.61 0.741 0.646 0.727 0.643 0.841 0.657
1st-order 0.615 0.615 0.717 0.611 0.51 0.613 0.747 0.589 0.632 0.589 0.843 0.659
2nd-order  0.621 0.629 0.718 0.647 0.536 0.618 0.751 0.646 0.725 0.645 0.846 0.663
50 STNLM 0.613 0.617 0.709 0.639 0.516 0.612 0.742 0.647 0.728 0.643 0.8410 0.658
SGNLM 0.625 0.65 0.725 0.65 0.546 0.631 0.752 0.648 0.736 0.645 0.849 0.666
BM3D 0.693 0.731 0.804 0.721 0.593 0.687 0.792 0.747 0.797 0.709 0.883 0.744
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