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Abstract - Speckle noise is one of the most common types of
noise, degrading image quality and affecting analytical and
predictive applications. Various methods have been proposed for
speckle noise removal in digital images. However, these methods
still have limitations, such as loss of important details, edge
blurring, or failure to preserve crucial image structures. In this
paper, we propose a novel model, DTGV-g, which combines
Directional high-order Total Generalized Variation with an edge
detection method to enhance image quality after denoising. This
approach not only effectively removes noise but also preserves
edges and essential image structures. The Chambolle-Pock
algorithm is employed to solve the optimization problem.
Experimental results demonstrate that the proposed DTGV-g
model achieves superior performance compared to other
methods. Notably, our approach remains effective even in cases
where the image is blurred or has a high level of noise.

Key words - Image denoising; speckle noise; edge detection;
total variation; directional total generalized variation

1. Introduction

The use of digital images has become increasingly
essential across various engineering and scientific fields. In
medicine, ultrasound images are frequently affected by
speckle noise, which obscures small anatomical structures
and complicates accurate diagnosis. In aerospace and
remote sensing, Synthetic Aperture Radar (SAR) images -
an important data source for monitoring the Earth's surface
- are often degraded by speckle noise, reducing object
recognition and terrain analysis capabilities. Improving
image quality through effective speckle noise reduction
techniques is therefore of paramount importance, directly
contributing to enhanced accuracy in analysis, prediction,
and decision-making in these domains. Generally, speckle
noise leads to the loss of important image details and
reduces contrast. Mathematically, the speckle noise model
is commonly represented as follows [1]:

f=u++un, @)
where, f denotes the observed image (the image affected
by noise) of size n X n, u represents the original image, and
n is the noise component, which is approximated as
Gaussian noise with zero mean and variance o2.
One of the main challenges in speckle noise filtering is

to ensure the preservation of important image features,
such as edges and textures, while achieving high efficiency

Tém tit - Nhidu ddm (speckle noise) 1a mét trong nhimng loai
nhiéu phd bién, 1am xudng cap chat lugng hinh anh va anh huéng
dén cac ung dung phan tich va du doan. Dé khir nhidu dém trén
anh sb, nhidu phuong phap di dugc d& xuit. Tuy nhién, ching
van gip phai nhirng han ché nhu mét chi tiét quan trong, 1am mo
bién hozic khong bao toan duoc cac két ciu quan trong trong anh.
Trong bai bao ndy, mét mé hinh m&i DTGV-g, két hop bién phan
tdng quat bac cao c6 huéng voi phuong phap phat hién bién nhim
ning cao chét lwong anh sau khir nhidu, dwgc dé xuit. Cach tiép
can nay khong chi loai bo nhiéu hiéu qua ma con bao toan dugc
bién va cic két cdu quan trong cta hinh anh. Thudt toan
Chambolle-Pock duge sir dung dé giai bai toan t&i wu. Két qua
thuc nghiém cho thay, mé hinh DTGV-g dé xuét dat hiéu suét
vuot trdi so voi cac phuong phéap khac. Pac biét, phuong phap
ctia ching t6i van hoat dong tot ngay ca khi anh bi lam m& hodc
¢6 mirc d6 nhiéu cao.

Tir khéa - Khir nhiéu anh; nhidu dom; phat hién bién; bién phan
tong; bi€n phan tong quat cd hudng

in noise removal [2]. However, many existing denoising
techniques often result in image blurring, leading to
reduced resolution and loss of detail [3]. To overcome
these limitations, numerous methods have been proposed
with the aim of reducing speckle noise while maintaining
image features [4, 5]. Among these, variational models
based on Total Variation (TV) have attracted significant
attention in the research community [1, 7-9]. The TV
method is widely used as a regularization tool in speckle
noise processing problems due to its outstanding ability to
preserve sharp discontinuities and maintain edge structures
during image restoration [10-15].

Based on model (1), Jin et al. proposed the following
variational model for speckle noise removal [16]:

min [ [Vl dx + 2 [, 2 dx )
ueq 2 Q u i

where, Q € R? is an open domain with a bounded
boundary, fﬂ |[Vu| denotes the first-order total variation of
u, A is a positive parameter.

Huang et al. proposed an improvement to model (2) by
introducing a convex variational model for speckle noise
removal based on the Kullback-Leibler divergence, by
substituting z = log (u) [17], as follows (TV-Speckle
model, TV-S):

. _z f z z
min JoIVzldx + 24 [, (fe zlog — fez + eZ) dx (3)
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First-order total variation models, such as those in (2)
and (3), have a notable drawback: the denoised results
often exhibit the blocky effect and loss of fine details
(staircasing phenomenon). To address this issue, several
higher-order total variation models have been proposed,
such as combining first- and second-order total variation
[1], total generalized wvariation (TGV) [18], and its
improvements [19, 20].

Second-order total generalized variation models for
speckle noise removal allow for better noise suppression
and outperform first-order variational methods by
effectively reducing the staircasing effect. However, for
images with pronounced directional textures, the
challenge is not only to reduce noise and staircasing but
also to preserve the directional characteristics of the
image. Directional total generalized variation (DTGV)
has been proposed to address this issue [19-22]. The high-
order directional total generalized wvariation model
(DTGV) is an extension of the original total generalized
variation. The main improvement lies in the use of a
directional weight, which is computed based on edge
information within the image. Thanks to this weighting,
DTGV can better process and preserve image details
along prominent directions [20].

In this study, we incorporate directional total
generalized variation (DTGV) into the existing data
fidelity component to construct an objective function for
speckle noise removal. The denoising method based on
DTGV not only outperforms compared methods in edge
preservation but also effectively eliminates the staircasing
effect in the denoised images.

2. Related theories
Directional total generalized variation

The directional total generalized variation (DTGV) was
proposed to capture the main direction in a noisy image
while simultaneously preserving image details along the
specified principal direction during the denoising process.
The most common form is the second-order DTGV, which
is expressed as follows [22]:

DTGV?(u) = min(2, [[u — || + Aollzvll). 4)
where v € R™™ | Ve R?™™ s the discrete gradient
operator; € is the directional symmetric derivative operator

Viu
ol
where V{u and Vju € R™" are the forward difference
gradient operators:

u. . —
(Viw;; = { )

of v; and the parameters oy, a; € (0, +); Vu = [

ui']-if 1 Si<n,1$j$n,

Oifi=n
+ _ ui’j+1—ui‘jif1SiSn,1Sj<n
(V-‘/“)i,j a { 0if j=n

Similarly, Viu and Vjyu € R™"are the backward
difference gradient operators:
_ ui']-—ui_L]- 1f1S1<n,1S]Sn
vou) =
(Vxw {Oifi=00ri=n,lSan

(V_ ) _ {ui‘j—ui‘j_lif0SiSn,0<]'<n
yWi = 0ifj=0or j=n

The  divergence  operator is  defined as
div = —V= (V, V). We define the rotation matrix Rg

and the scaling matrix A, [22] as:
__[cos® —sinB 1 0
Ro = | | A=y o

sin®@  cos6
According to [20], we have: divv=div¥V, with
V = A,R_gVv. Thus, by incorporating rotation and scaling
into the difference method, we obtain the directional
difference Vu = A,R_gVu, and the directional symmetric

derivative of v is calculated by [22, 23]:
1 (RS ADHI(ADTUADN
(&v);; = 2

AR - -
ano (Vyvl)i,j (Vyvz)i.j vy (Tv? ij

withdiv = —¢.
Equation (4) can thus be rewritten as:
DTGV?(u) = min(A4[|AR_gVu —v| + AollEVI)  (5)

Edge detection function

In addition to preserving the main direction of the
image, edge-preserving techniques also aim to retain
significant boundaries during the denoising process. The
edge-preserving function g(u) is defined as follows [23]:

g(u) = —— (6)

1+Y|VGg+ul?
where G is a Gaussian filter with standard deviation og, Y
is a positive parameter. This function is designed to
preserve edges while smoothing other regions of the image,
thereby improving the overall image quality after
denoising.

3. Proposed model

In this section, we propose a new model for removing
speckle noise from digital images. The main objective of
our approach is to combine DTGV (5) with the edge
detection function (6), replacing Vu = A,R_gg(u). Thus,
the discrete form of second-order DTGV in (5) can be
rewritten as follows [24]:

DTGV?(u) = A1[|AaReg(w) — Vll2 + Ao llEV]| (7

From (1), it can be seen that the noisy image is modeled
as the original image plus the product of the original image
and the noise component. Therefore, speckle noise is a
special type of multiplicative noise, commonly
encountered in measurement imaging applications, with
pronounced noise characteristics that can significantly
affect fine image details. In this study, we propose a data
fidelity term for multiplicative noise removal [25],
combined with the second-order DTGV method (7), to
address the problem of speckle noise removal as follows
(DTGV-g model):

2
: f foof
ar%g’un fn <ﬁlog;—\/—ﬁ+ Vu + a(\/%— 1) )dx ®)
+M A Reg(w) — Vi, + A l[EV]|

In the case where a deblurring kernel A is present in
the image in addition to noise, model (8) takes the
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following form:

argmm (— r

2
+\/H+a(\/7—1> ,1) ©)

+7\1”°A3R9g(u) —Vllz + Ao llEvl

There are several methods to solve problem (9). In this
paper, we use the Chambolle—Pock algorithm [26] to
optimize (8), and rewrite it in its dual form as follows:

2
f Au
E+\/Au+a<\];—1> ,q)

+A1(ARpg(w) — v, p) + Ao(EV, W)
(10)

f
argmin argmax ( log ——
wyv qpw VYA Au

where p, q, w are the dual variables.

To solve problem (10), we initialize the variables as
Pp=0,q=0,w=0,u=1u=fv=V=0. Additionally,
we need to estimate the deblurring kernel A and auxiliary
parameters T> 0 and 1 > 0. The algorithm iterates
through the following steps:

_ _ 1
p~tt = argmax A, (A,R_pg(Au¥) — VK, p) — e (11
P

wkt1 = argmax Ao (EVX, w) — % Iw—wrl3, (12)
w
k+1 — et LU
q = argflnax <\/ﬁ10g Aak <

2
1) ,q> —5-lla—a¥; a3)

2
K+ = aromin <= logt — 4+ o [R_
utt = ar%rlrlun <‘/HlogAu \/A_u+a<\/: 1) ,q)+
(A.R_og(Au),p) + - Il Au— Auk 3, (14)

vk+1

= argmin — (v, p**1) + (7K, w) + 21_r lv—vkiz.
v

(15)

The dual variables p,w, q ¢ (11), (12), (13) are updated
using set-projection [26], defined as follows:

Xij
[$2®)]ij =—Fx=<
1,]
max (1’_7\ )
Thus, the updates for p, q, w are:

P = 5, (P* + (AR _og(AT¥) — 7))

£ f £
—log— — ——
VAGE CATK  VAgk

A

wktt =8, (WK +névK)

gt =5 | ¢“+n +AuK

2

Using the gradient descent method, we update the value
uk*1 in (14) as follows:

! http://www.dip.ee.uct.ac.za/imageproc/stdimages/greyscale/

ukt = Auk 4+ T(&;;,pku

( f <l Au 1) N 1
— — 0 — — —
2AuvAu &7f 2vVAu

o)

vAuf

For the subproblem in v (15), we have:
vEtl = vk 4 T(&i‘{,wkﬂ + pk+1)

Finally, we update the variables @i and v as follows:

L@
f

k+1
k+1

k+1 k

k

=2u
=2V

u
v

—u

k1 _y

The stopping criterion for the iteration can be based on
the convergence of the objective function or the change in
the main variable u.

4. Experiments

In this section, simulations are conducted to verify the
effectiveness of the proposed model, using standard
grayscale images' of size 256x256, as shown in Figure 1:
(a) Boat, (b) Man, (c¢) Couple, (d) Crowd, (¢) Lake, (f)
Pepper, (g) Car, (h) Zelda. The experiments were carried
out in MATLAB R2023b on a system with an Intel Core
i5-12600KF CPU and 16GB RAM. The experiments
include denoising, as well as simultaneous denoising and
deblurring. The observed images were generated using
MATLAB. The Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM) metrics were used to
evaluate the quality of the restored images compared to the
original images [27]. The results were then compared with
four other methods: TV-S [17], DTGV [20], TV-L1 [26],
and Amsotroplc Diffusion Filter (ADF) [28]

(c) Couple (d) Crowd

(g) Car (h) Zelda

(f) Pepper

(e) Lake

Figure 1. Images used in the experiments

e Image denoising experiment: In this case, the
proposed model is represented by equation (8). Figure 2
visually displays the denoising results of the compared
methods at a noise level of o = 2, while Figure 4 shows
the results at a noise level of 0 = 3. The denoised results
with zoomed-in details are presented in Figures 3 and 5,
respectively.

From the result images, our DTGV-g model not only

achieves effective noise removal but also simultaneously
preserves image edges. The performance of the models is
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measured using the PSNR and SSIM metrics, which are
presented in Tables 1 and 2. In the case of 0 = 2, our model
significantly outperforms the other models in both PSNR
and SSIM. Furthermore, in the case of a higher noise level
o = 3, our model still yields better results than the other
models in most cases.

(b) Noisy
i PRE

(f) TV-S

(g) DTGV-g

Figure 2. Denoising results with noise level 6=2

(¢) DTGV

(e) DTGV () TV-S (g) DTGV-g
Figure 3. Enlarged detail of the result in Figure 2

 (b) Noisy

(e) DTGV ) TV-S (g) DTGV-g
Figure 5. Enlarged detail of the result in Figure 4

e Image deblurring and denoising experiment: In this
case, the proposed model is represented by equation (9). In
practice, image noise is often accompanied by blurring,
which further degrades the overall image quality. This
section simulates images affected simultaneously by both
noise and blur and compares the effectiveness of the
models in handling joint denoising and deblurring. To
conduct the simulation, we apply a blurring operator using
a Gaussian filter with Ksizes of 3 X3 and 5% 5, a
standard deviation of 2, followed by the addition of speckle
noise with 0 = 2.

Table 1. PSNR results of different methods at
various noise levels

Images| o | Noisy | ADF | TV-L1 | DTGV | TV-S |DTGV-g
2 [21.0119]23.7021(24.9313[21.1353] 263577 | 26.8617
Boat 4901 | 22,6131 | 24.009 | 17.6597 | 24.8511 | 24.9763
2 [21.1637] 23.602 [23.5073] 21.749 | 24.811 | 25.6722
M 6419]22.9779 | 22.7574 ] 18.2914| 23.6536 | 23.7060
2 21.6297]25.6037(26.7498 [21.6997 273686 | 28.2719
ot I 1070|23.4992 | 25.4169| 19.0712 | 25.9026 | 26,2597
2 [19.4395]26.1889]26.5039] 23.0409] 27.3037| 28.2825
o S 0177 24.6063 | 24.9434 | 18,5841 | 26.1541| 26.2306
Like | 2]211937]23.6205 263877 21.4415]27.0537 27.5079
3 [17.6718]23.3885 | 24.8233 [ 18.1285 | 25.386 | 25.6327
2 [21.0733]26.2167]28.9501] 21.4329] 29.5063 | 29.8638
Pepers T 5515(24.9367|27.0061 | 18.0198] 27.3239| 27.3692
car | 2]21:198122.0720[24.6652|21.5105|25.5105 | 25,8945
3 [19.2762]21.0422]23.6314]19.4773 ] 23.8928 | 24.1823
s | 2125:3362]20.3112]300302 25.6237|30.7124] 31.4602
3 [21.8143]27.2039(28.4354]22.0965 [ 29.1023 | 29.4646

Table 2. SSIM results of different methods at

various noise levels

Images | ¢ | Noisy | ADF | TV-L1 | DTGV | TV-S | DTGV-g
Boag 2104745 [0.5823 [ 06810 | 04788 |0.7318 | 07555
3 [0.3400 | 0.5372 | 0.6309 | 0.3460 | 0.6495 | 0.6564
oy |2102767 [0.6417 06333 | 0.5889 | 0.6839 | 07438
3 [0.1805 | 0.6117 | 0.5845 | 0.4415 | 0.6289 | 0.6373
2 [0.5851 ] 0.6754 | 0.7327 | 0.5909 [ 0.7509 | 0.7929
Conple I 4367 | 0.5732 | 0.6693 | 04487 | 0.6824 | 0.6981
crowq 12102891 0.8027] 0.8087 [ 05967 [ 08259 0.8718
3102063 [ 0.7246 | 0.7495 | 0.4378 [ 0.7992 | 0.8060
2 [0.5354]0.5845 | 0.8025 | 0.5380 | 0.8051 | 0.8203
Lake T 04012 | 05975 | 07311 | 04225 | 0.7278 | 07331
peppers |2 0458207556 | 08472 [ 04615 [08679 | 0822
3 [0.2993 [ 0.6878 | 0.8056 | 0.3041 | 0.8085 | 0.8157
2 [0.5898 [ 0.5310] 0.6978 | 0.5127 [ 0.7257| 0.7407
Car 04304 [ 04631 | 0.6444 | 04384 | 0.6141 | 0.6280
2 [0.4769 [ 0.8060 | 0.8275 | 0.4857 [ 0.8482 | 0.8778
Zelda T 03182 | 0.7150 | 0.7795 | 03881 | 0.8030 | 08279

The results of deblurring and denoising are shown in
Figure 6 (for a 3 X 3 blur kernel), Figure 8 (fora 5 X 5 blur
kernel). Similarly, the zoomed-in details of the resulting
images are illustrated in Figures 7 and 9. The PSNR and
SSIM results for the deblurred and denoised images are
summarized in Tables 3 and 4.
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; e - Table 4. Comparison of SSIM results for simultaneous
deblurring and denoising
Images | K | Noisy | ADF |TV-L1 [DTGV | TV-S |[DTGV-g
Boat 3 10.3401 {0.5692 {0.6084 |0.3447 [0.6260 | 0.6276
5 10.2689 0.5217 {0.5527 {0.2730 [0.5488 | 0.5528
(c) ADF B _@—TVA',L& ’ Man | 2103737 [0.5014 [0.5335 03772 [0.5419 | 05597
5 10.2839 |0.4391 |0.4688 [0.2866 |0.4749 | 0.4827
Couple 3 10.3733 10.6258 {0.7375 [0.3769 [0.6689 | 0.6806
5 10.2951 |0.5727 {0.6881 |0.2983 [0.6009 | 0.6084
Crowd 3 10.5162 |0.7124 |0.7375 [0.5224 |0.7532 | 0.7722
5 10.4346 |0.6627 |0.6681 [0.4402 |0.6830 | 0.7037
(¢) DTGV (H) TV-S (2) DTGV-g Lake 1304323 105439 [0.7170 |0.4425 [0.8331 | 0.7995
Figure 6. Denoising and deblurring results with K=3 5 _[0:3562 |0.5216 [0.6905 |0.3602 |0.7688 | 0.7882
Table 3. Comparison of PSNR results for simultaneous Peppers 3_|03791 |0.7157 107170 03825 10.7998 | 0.8067
deblurring and denoising 5 10.3413 |0.6905 |0.6905 [0.3445 |0.7824 | 0.7882
- 3 10.3167 |0.4627 {0.5912 {0.3210 [0.5987 | 0.6108
Images | K | Noisy | ADF | TV-L1| DTGV | TV-S |DTGV-g Car 502511 [0.4134 [0.5493 [0.2548 |0.5480 | 05561
Boat |15 135 to0s 23 3934] 15 13 22 s7is ooy | zetaa |2 {000 07954 (07990 [039% [0 i [ oo
. : : . . : 5 10.3540 |0.7758 |0.7683 [0.3594 |0.7905 | 0.8649
Man 3 |19.4975|21.8862(21.8848(19.5598(22.0922 | 22.2028
5 [18.7455|20.7904120.9551|18.7975|21.0841| 21.1768
Couple 3 [20.4808|24.4644124.5322120.5718]25.2023 | 25.4891 '
5 |19.8142(23.4009(23.6369(19.8902(23.8223 | 23.9250 A < '
c 3 [21.9104]24.091124.5322(22.0765|25.0544 | 25.0938 ‘:'A i
rowd E ﬁ
5 120.919823.0224123.1096|21.0377|23.4359| 23.6018 o (©) ADF (d) TV-L1
Lake 3 (20.4471|22.5347)24.3230(22.6422|24.5687 | 24.6235
5 119.5984(21.7670(22.7809(19.7515(22.9627 | 23.0884
Peppers 3 120.8740(25.3269(26.8049(21.9601 [27.0164 | 27.1193
5 120.318324.0631]25.0099|20.3902|25.3290| 25.8001
Car 3 |18.8761(21.2398|22.7763119.0280(22.9151| 23.0891 3 ] . . g
5 |18.2471(20.5047(21.6058|18.3705(21.6931 | 21.7202 (e) DTGV (f) TV- S (g) DTGV-g
Zelda 3 |22.1569|28.5234128.6603 [22.2469(29.1735| 29.2736 Figure 9. Enlarged detail of the result in Figure 8
5 [21.8508|27.6297|27.5111|21.9404|27.9834| 30.7584

| (l;) Nois (c) ADF (d) TV-L1

(a) Original

(e) DTGV
Figure 7. Enlarged detall of the result in Figure 6

(f) TV-S (2) DTGV-g

(a) Original (c) ADF (d) TV- LI

, (b) N01sy )

() DTGV () TV-S (&) DTGV-g

Figure 8. Denoising and deblurring results with K=5

From the experimental results, it can be seen that the
proposed method demonstrates competitive performance
compared to the other methods. Even in cases where the
images are simultaneously blurred and noisy, the proposed
solution still performs well relative to the compared
methods. The zoomed-in details of the restored images
show that edges and image attributes are preserved more
clearly than with the other methods. This confirms the
effectiveness of the proposed method in speckle noise
removal and its ability to improve image quality.

5. Conclusion

In this study, we proposed a novel speckle noise removal
model based on DTGV combined with an edge detection
method. This approach enables effective noise removal
while preserving important image features, including edges
and textures. By employing the Chambolle-Pock algorithm,
the method achieves high performance in both processing
speed and output image quality. Experimental results on
various image datasets demonstrate that our method
outperforms the compared methods. Notably, in cases of
severe speckle noise or blurring, the DTGV-g model is still
able to restore images with high quality, maintaining better
detail compared to the other methods. This confirms that our
method has great potential for widespread application in
fields such as medical image processing, computer vision,
and satellite image analysis.
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