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Abstract: Remote sensing images are often polluted by stripe noise, which leads to negative impact
on visual performance. Thus, it is necessary to remove stripe noise for the subsequent applications,
e.g., classification, recognition, etc. This paper commits to remove the stripe noise to enhance the
visual quality of images, in the meanwhile preserves image details of stripe-free regions. Instead
of solving the underlying image by various algorithms, we first estimate the stripe noise from the
degraded images, then computing the final destriping image by the difference of the known stripe
image and the estimated stripe noise. In this paper, we propose a non-convex ¢ sparse model for
remote sensing image destriping by taking full consideration of the intrinsically directional and
structural priors of stripe noise, as well as the locally continuous property of underlying image.
Moreover, the proposed non-convex model is solved by a proximal alternating direction method of
multipliers (PADMM) based algorithm and we also give the corresponding theoretical analysis of the
proposed algorithm. Extensive experimental results on simulated and real data demonstrate that
the proposed method outperforms recently state-of-the-art destriping methods, both visually and
quantitatively.

Keywords: Non-convex ¢y sparse model; PADMM based algorithm; Mathematical program with
equilibrium constraints (MPEC); Stripe noise removal.

1. Introduction

Stripe noise (all denoted as “stripes” in this paper), which is generally caused by the inconsistence
of the detecting element scanning or the influence of the detector moving and temperature changes, efc.,
are an universal phenomenon in remote sensing images. They will result in a bad influence not only on
visual quality but also on subsequent applications in remote sensing images. Therefore, it is necessary
to remove stripes and simultaneously maintain the healthy pixels from the degraded images. In
general, the stripes have strongly directional and structural information, e.g., pixels normally damaged
on row by row or column by column.

Recently, many approaches for destriping problems have been proposed, which may be roughly
divided into three categories, mainly including filtering-based methods, statistics-based methods
and optimization-based methods. Note that the proposed method belongs to the category of
optimization-based methods.

The filtering-based methods, which are easy to obtain the results with various filters, have been
widely utilized for remote sensing image destriping, see [1-4]. In [1], Chen ef al. propose an approach
for remote sensing image destriping tasks based on a finite-impulse response filter (FIR) in frequency
domain, as well as exhibit the results on the experimental CMODIS data. However, the given method
unavoidably leads to ringing and ripple artifacts. In [3], the wavelet analysis and adaptive fourier
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zero-frequency amplitude normalization are used for hyperspectral image destriping problems, and
this wavelet-based method shows promising ability for both stripes and random noise.

The statistics-based methods are mainly to analyze the distribution of stripes. These approaches
hold strong directional characters, to formulate excellent priors for the remote sensing image destriping,
e.g., [5-11]. In [7], Weinreb et al. introduce a method based on matching empirical distribution functions
(EDFs) for GOES-7 data, while the limitations and unstable property are caused by assuming the
similarity and regularity among the stripes. To conquer the instability when the stripes are irregular or
nonlinear, Rakwatin et al. [9] introduce a method, using both histogram-matching algorithm and local
least squares fitting, to remove the stripes of Aqua MODIS band 6. In [10], spectral moment matching
(SpcMM) method, which can remove various frequencies stripes in a specific band automatically, is
proposed for Hyperion image destriping. In addition, Shen et al. [11] employ a piece-wise destriping
method, which uses correction coefficients of each portion by considering neighbouring normal row,
for nonlinear and irregular stripes, but it can not automatically select a threshold to divide the image
into different parts.

Recently, the optimization-based methods show superiorities for remote sensing image destriping
problems, e.g., [12-23]. The image destriping generally results in an ill-posed problem which fails
to obtain a meaningful, stable and unique solution. Therefore, a common strategy for ill-posed
problem is to construct a regularization model via investigating the underlying image priors. For
the optimization-based methods, they focus on searching and discovering the intrinsically prior
knowledge to generate reasonable regularization models. In [17], the authors present a unidirectional
total variational (UTV) model for MODIS image stripes removal by fully considering the directional
information of stripes. The UTV model is motivated by the classical TV model and the analysis of
directional stripes. Chang et al. [21] propose an optimization model combining the UTV with sparse
priors of stripes applying to denoising and destriping simultaneously. In [22], the authors utilize the
split Bregman iteration method with an anisotropic spectral-spatial total variation regularization to
remove multispectral image stripes.

In summary, although these optimization-based methods can yield excellent results of removing
stripes, there still exists much room to improve. Most of them are implemented only from the
perspective of noise removal, but without considering the typical properties of stripes, e.g., directional
and structural properties. Even though considering these properties, the formulated sparse destriping
models fail to accurately depict the typical properties of stripes, see [24], [25]. Moreover, the designed
algorithms for non-convex models, e.g., £y sparse model, can not obtain the most precise solution.
These motivate us to develop a more reasonable model and effectively design the corresponding
algorithm, which theoretically guarantees the convergence, to solve the remote sensing destriping
problems.

In this paper, to remove the stripes of remote sensing images, we propose a non-convex sparse
model which mainly consists of three sparse priors, including an ¢ sparse prior by fully considering
the directional property of stripes (y-axis), an {1 sparse prior by considering the discontinuity of
underlying image (x-axis), and the sparsity of stripes by considering the structural property of stripes.
Moreover, we design a PADMM based algorithm to solve the proposed non-convex sparse model. In
particular, the convergence to the KKT point of the optimization problem is theoretically proven in
the work. Results of several simulated and real images show that the proposed method is superior to
recently state-of-the-art destriping methods.

The contributions of this work are summarized as follows

1) Fully considering the latent priors of stripes, we formulate an ¢ sparse model which depicts
the intrinsically sparse character more accurately than ¢; sparse model.

2) We solve the non-convex model by a designed PADMM based algorithm which we have given
the corresponding theoretical analysis of the proposed algorithm by this paper (see Appendix A).

3) The proposed method, which is less sensitive to related parameters, outperforms recently
several state-of-the-art image destriping methods.
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The outline of this paper is organized as follows. In Section 2, we will briefly introduce the related
work. The proposed model and detailed solving algorithm will be shown in Section 3. In section 4, we
compare the proposed method with some state-of-the-art remote sensing image destriping methods,
and discuss the results with different stripes. Finally, conclusions are drawn in Section 5.

2. Related work

2.1. Destriping problem formulation

The striping effects in remote sensing images mainly make up of additive and multiplicative
components [15]. However, the multiplicative stripes can be described as additive case by the logarithm
[26]. Thus, many researches more focus on the additive stripes model

b(x,y) = u(x,y) +s(x,y) ey

where b(x,y), u(x,y) and s(x,y) separately denote the components of the observe image, the
underlying image and stripes at the location (x,y). For convenience, a matrix-vector form can be
written as follows

b=u+s, 2)

where b,u and s € R" represent the lexicographical order vectors of b(x,y), u(x,y) and s(x,y),
respectively. The purpose of our work is to estimate the stripes s, then the underlying image will be
recovered by the formula of u = b —s.

2.2. UTV for remote sensing image destriping

The total variation (TV) model, which is first proposed by Rudin, Oshaer and Fatemi (ROF) [27],
has shown powerful ability in many image applications, e.g., image unmixing [28], image deblurring
[29], image inpainting [30], etc. It has the following form

Bw = 5 [l =blP+ATV (w), ©

where A is a positive regularization parameter, and TV (u) represents the regularization expressed as

TV (u) = /Q|Vu| = /()\/(32)2—1— ($>2dxdy. 4)

In many approaches, s(x,y) is usually regarded as constant in a given line. Although this
assumption has shown stability in MOS-B, it fails in MODIS. Not only predominant nonlinear effects,
but also the data quality of random stripes have been obtained in many emissive bands. Thus, more
realistic assumptions are introduced to design an efficient destriping method.

Without loss the generality, we can assume that the stripes are along the vertical direction (y-axis).
Fully considering the directional property of stripes, the authors in [17] consider the following relation

os(x,y) <
Y

9s(x,y)
ax

, ®)

where we denote y-axis is along stripes direction, and x-axis is across stripes direction. By the relation

in Eq. (5), we have
as(x,w’
——22 | dxd </
/Q ay Ay < o)

9s(x,y)
Bx' dxdy, 6)

which means
TVy(s) < TVy(s) @)
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where TV, and TV, are horizontal and vertical variations, respectively. The authors in [17] encourage
the robustness of stripes removal by minimizing the unidirectional total variation (UTV) model as
follows

E(u) = TVy(u—b) + ATV, (u), 8)

which can be solved by Euler-Lagrange equation based algorithm.

In [17], the UTV model can effectively deal with remote sensing image destriping problems,
which has been demonstrated holding promising ability on Aqua and Terra MODIS data. Although
TV model preserves image edges well, it can not accurately depict the specifically directional property
of stripes, and leads to undesired results. The UTV model that involves unidirectional constraint can
remove stripes excellently in the meanwhile not destroy the underlying image details. Inspired by
the UTV model, we fully consider the intrinsically directional and structural priors of stripes and the
continuous property of the underlying image. Finally, we form a unidirectional and sparse based
optimization model.

3. The proposed method

Combining the stripes model (2), we will give the proposed optimal model with unidirectional
prior motivated by the extension of the UTV model. In what follows, the detailed explanations of the
proposed model and the corresponding solving algorithm will be exhibited.

3.1. The proposed model

3.1.1. Local smoothness along stripe direction

The stripes of remote sensing images are generally appeared with column-by-column (y-axis)
or row-by-row (x-axis), without loss of generality, we view all stripes as column-by-column case to
formulate the finally directional model!. Considering the smoothness within the stripes, the difference
between adjacent pixels is quite small, or even close to zero, thus we generally use sparse prior for
this character along the stripe direction (y-axis). The first regularization for the difference within the
stripes is given as follows

Ry = [|Vysllo, ©)

where V,, is a partial difference operator along stripe direction’. Comparing with some popular
sparse measures, e.g., {1-norm and £,-norm (0 < p < 1), the fp-norm that stands for the number of
non-zero elements of a vector is the most accurate measure to depict sparse property, thus here we
employ fp-norm to describe the sparsity of Vs. Although this term will lead to the non-convexity
of the proposed model, we utilize the designed PADMM based algorithm to guarantee the solution
converging to the KKT point.

3.1.2. Local continuity of the underlying image

In general, the underlying image u along x-axis is viewed as being continuous. When adding
column-by-column stripes s to the underlying image, the local continuity of u is broken, which means
that we should force Vyu being small to keep the continuity of u. By this assumption and the relation
u = b —s, we utilize the following /;-norm regularization to describe the local continuity of the
underlying image

Ry = || V(b —s)lf1, (10)

The row-by-row stripes can be easily rotated to column-by-column stripes to fit in the proposed model.
Vyu represents the vector form of V,U where U is a 2D image. The similar meaning is V.
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where V, represents the difference operator in the across-stripe direction. Note that this term is
actually the second term of the UTV model (8).

3.1.3. Global sparsity of stripes

In many destriping approaches, e.g., [24,25,31,32], the stripes can be naturally viewed as being
sparse when the stripes are not heavy. Inspired by their excellent works, here we take the ¢;-norm to
depict the sparsity of stripes, see as follows

R = |[Is|[1. (11)

Even though the stripes are heavy, this sparse term (11) is still necessary to retain, since it can
effectively avoid the undesired effect and keep the robustness of the proposed method (see more
discussion from the results section).

Combining the above three regularization terms, we finally formulate the ¢y sparse model for
remote sensing image destriping,

min |[Vysllo + p[s|[1 + AV (b =)}, (12)

where y and A are two positive parameters.

NonzeroNum. of § , NonzeroNum. of Vvs
2 X10 J

| .

0 o000 6 0 08 09 ] 0l 02 3 0405 06 01 08

() (b)

Figure 1. The number of nonzero of s (a) and Vs (b), where s is estimated from a real image example
(see Fig. 4) by the method [24]. It is clear that Vs is more sparse than s.

Note that, the proposed model (12) is similar as the model in [24], since they both employ the
directional property of stripes. However, there still exists an important difference that the model in [24]
enforces /1 norm to Vs and £y norm to s whereas our model enforces /1 norm to s and £y norm to Vys.
It can be seen that our model is more reasonable than the model in [24], because Vs is significantly
more sparse than s. For instance, Fig. 1 shows the number of non-zeros of s (Fig. 1(a)) and Vs (Fig.
1(b)), where s is estimated from a real image example by the method [24], it is clear that Vs is almost
all around 0, whereas s is not. The ¢y norm is the best way to depict sparsity, thus our model which
enforces £y norm to Vs.

In what follows, we will exhibit how to solve the proposed non-convex sparse model by
introducing the PADMM based algorithm, as well as give the theoretical analysis of the convergence.

3.2. The solution

Before solving the proposed model (12), we first present an excellent work, i.e., Mathematical
program with equilibrium constraints (MPEC) [31], to transfer the non-convex ¢y regularization term
to the other equivalent one.

Equivalent MPEC reformulation: For the non-convex {y regularization term, there exist many
approaches to approximate it, e.g., ¢;-norm [33], the logarithm function [34] or the penalty
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decomposition algorithm (PDA) [35]. In this work, we are inspired by a recently elegant work,
i.e., MPEC, to transfer the ¢ regularization term to an equivalent problem, so that we can design a
PADMM based algorithm to efficiently solve the equivalent model, in the meanwhile theoretically
guarantee the convergence. Lemma: [MPEC equation [31]] For any given w € R”, it holds that

[lwl]o = Orggl(l,l —-v), s.t.ve|wl =0, (13)

and v* = 1 — sign(|w]) is the unique optimal solution of the minimization problem (13).
Proof: See details in [31].
From Lemma 3.2, the {yp-norm sparse optimization model in Eq. (12) is equivalent to

omin (L 1—v) +pllsll1 + Al[Vi(b —s)[l1, ”

s.t. vO [Vys| =0,

where © denotes the elementwise product. According to the analysis of [31], if s* is the globally
optimal solution of Eq. (12), then (s*,1 — sign(|Vys*[)) is the unique global minimizer of Eq. (14).

Note that the Eq. (14) is still a non-convex problem, and the non-convexity is only caused by the
constraint v ® [Vys| = 0. However, this problem (14) is similar to the main problem in [31], which
is efficiently solved by a PADMM? based algorithm that theoretically guarantees the convergence.
Therefore, we employ the designed PADMM based algorithm to solve the resulted problem (14), as
well as give the theoretical analysis of the convergence.

In the following, we will use the PADMM based algorithm to solve the optimization problem (14).

3.3. PADMM based Algorithm

Considering the non-smooth ¢; terms in problem (14), we take the following variable substitutions
to get the new optimization problem,

omin (L 1—v) + pflzly + Alfwl], )
st voO|h|=0,Vys=h,s=2V,(b—s)=w,

with the auxiliary variables h,z,w € R". The augmented Lagrangian function £ of Eq. (15) is as

follows
E(hr Z,W,V,s, T, 7Ty, TT3, T4, ,Bll ,32/ ﬁ3/ ,34)

= (L1=v) +pllz[li + Aflw[ly + (Vys —h, 1)

B1 2 B2 2
+ 5 1IVys —h[lz + (s — 2, 7m2) + [s — 2|2 (16)

(Talb )~ w5} + B2V (b~ 5) w3

4
+ (vo ], )+ B v o h13

where 711, 719, 713 and 7ty are Lagrange multipliers, and 1, B2, B3 and B4 are positive parameters. The
minimization problem (16) can be solved by the PADMM based algorithm. Next, we discuss the
solution of each subproblem.

3 Actually, PADMM method is an extended version of ADMM method, which has been applicated to many image applications,

e,9., image deblurring [36], image denoising [37], tensor completion [38], etc.
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1) The h-subproblem can be written to the minimized problem as follows

min (Vs — h, ) + B9, — h|

(17)
+(vF 0 [ ) + B2 IvE o nil B
Now, let h; is the i-th pixel of h and we discuss two situations when the element h; # 0,
if hi >0,
= B1(Vys)i+ (7})i) — ()i © (V)i (18)
l 1+ Ba(vF); © (vh); '
if hi <0,
o (71)_(,31(Vy5k)i+ (7})i) = (7f)i © (v9); (19)
1 B1+ Ba(vF); © (vh);
In summary, the h-subproblem has the closed-form solution as follows
k k k
— 1T, OV
K1 = sign(qF *M, 20
gn(q’) Byt pavE o vE (20)
s where ¢* = B Vysk + 7'(11‘.
2) The z-subproblem is given as follows
min pllz]l + (s* 2, ) + 2215 — ], 21)
which has the closed-form solution by soft-thresholding strategy [39]
k kTS
ZF1 = Shrink(s* + 22, ), (22)
B2’ B2
157 where Shrink(a, T) = sign(a) * max(|a — T|,0).
3) Similar to z-subproblem, w-subproblem is written as follows
k
. T
min Awls + 22120 - ) —wo+ 2 @)
The problem (23) has the following closed-form solution by the soft-shrinkage formulation,
wh*1 = Shrink (g, i), (24)
B3
k
155 Where qk = Vx(b - Sk) + %
4) The v-subproblem can be written as follows
min (v, c") + &Hv@ [hk 1|2 (25)
0<v<1 '’ 2 2/

where ¢k =1 — nff ® |hk+1 |. Combining with the constraint 0 < v < 1, it has the closed-form solution,

k
k+1 : —c
v = min(1, max(0,

( ( ,84|hk+1|®|hk+1|

) (26)
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Algorithm 1: The algorithm for model (12)

Input: The observed image b (with stripes), the parameters A, i, 8;,i = 1,2,3,4,
the constant x € (

0, ﬁlHVT||2+.512+,B3HVT||2 ), the maximum number of iterations M;y,,,
y 9 X

and the calculation accuracy fol.

Output: The stripes s
Initialize:

Dk+0,v0+ 1,80 < b, rho + 1
While rho> tol and k < M;,,

Dk« k+1

3) Solve h* by Eq. (20)

4) Solve z* by Eq. (22)

5) Solve wX by Eq. (24)

6) Solve v by Eq. (26)

7) Solve sk by Eq. (28)

8) Update the multipliers 7r;,i = 1,2, 3,4, by Eq. (29)

9) Calculate the error

rho = HVySkJrl _ hk+1||2 + Hsk+1 _ Zk+1H2 + ||Vx(b _ Sk+1) _WkJr1H2 + ||Vk+1 ® |hk+1|”2'

Endwhile

159

5) Here, PADMM based algorithm needs to introduce an extra convex proximal term 1|[s — s¥||3,
which is defined as ||x||3, = xTDx, and D is a symmetric positive definite matrix. The s-subproblem
becomes a strong convex optimization problem as

min (Vys ) + BL|v,s —nk B

s =2 k) + P2ls 2413

(27)
+ (Ve(b —s) — w1, k)
3 1
+ B9~ )~ w B + Sls - 5113,
where .
D= _T- (B1VyVy+ B2+ B3V Vi),
ke |0 !
"BillVyl 5+ Ba+ Bl VI3 )
Then, Eq. (27) will be equivalent to:
s*1 = grg min %Hs —gh3, (28)
S
w0 where gF = 5 — x[B1(Vyst — h*+1) 4 By (sk — ZF41) — B3 VI (Vb — Vysk — whtl)].
6) Finally, we update the Lagrangian multipliers by
7T]1<+1 — 71'{( + '81 vysk+1 _ thrl),
(29)

7T§+1 _ 7T§ + 133 vx(b _ sk+1) _ WkJrl),

(
né‘“ — né( + ﬁz(skﬂ —zk+1),

(
s = e+ Ba(vFTT © W),
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Combining steps 1) to 6), we formulate the final algorithm to iteratively solve the proposed ¢
sparse model (12). In particular, the subproblems all have the closed-form solutions to ensure the
accuracy of the algorithm. Finally, the solving process has been summarized in Algorithm 1.

In Algorithm 1, A, i, B1, B2, B3, B4 are some pre-defined parameters, tol and M., represent the
positive tolerance value and the maximum iterations, respectively. In this work, we set tol = 1/255
and M, = 10°. In the following, we discuss the convergence of the Algorithm 1.

4. Experiment results

In this section, we compare the proposed method with several state-of-the-art destriping methods,
including the wavelet Fourier adaptive filter (WFAF) [3], the statistical linear destriping (SLD) [26],
the unidirectional total variation model (UTV) [17], the global sparsity and local variational (GSLV)
[24], and the Low-Rank Single-Image Decomposition (LRSID) [25], on both simulated and real remote
sensing data. The codes of these methods, except the GSLV method, are available?. As suggested in
[25], we utilize the same periodic/nonperiodic stripes function adding stripes intensity [0, 255] to the
underlying images. By the similar measure as in [25], the degraded images were normalized between
[0, 1]. All experiments are conducted in MATLAB (R2016a) on a desktop with 16Gb RAM and Inter(R)
Core(TM) CPU i5-4590: @3.30GHz.

To evaluate the effects of different destriping methods, we will compare several qualitative and
quantitative assessments. On the qualitative aspect, we show the visual results, the mean cross-track
profile and the power spectrum of different methods. We also employ some acknowledged indexes,
i.e., peak signal-to-noise ratio (PSNR)[40], structural similarity index (SSIM) [40] and the relative error
(ReErr), to evaluate the performance of different approaches. The ReErr formula is as follows,

ReFErr = ||Sadded — 5restored| |2
|Saddeal |2

where the s,40,0 and s;es10r04 Tepresent the added stripes and restored stripes by different methods,
respectively. Then, we will discuss how to select parameters. We note that we test the comparing
methods according to the default or suggested parameters in their papers and codes.

4.1. Simulated experiments

In simulated experiments, the stripes with periodic (Per) and nonperiodic (NonPer) noise are
mainly determined by “Intensity” and r. Here, the “Intensity” means the added absolution value of
the stripe scope, and the r represents the stripes ratio level within the remote sensing images. For
convenience to compare, different stripes added to remote sensing images will be denoted as a vector
with three elements, e.g., (Per, 10, 0.2) which represents the periodic stripes, the “Intensity” 10 and
stripes ratio 0.2.

We take six experimental images, which the first, second, third and sixth examples are available
on the website®, and the forth and fifth examples are available on the website®, to test the performance
of different methods. To compare these methods clearly, we zoom in destriping details on the bottom
left or bottom right of the image.

1) Periodic Stripes. For the periodic stripes case, we only take one example, i.e., the first column
of Fig. 2 with added stripes (Per, 10, 0.2), to compare the performance. Almost of all existing methods
performs quite excellent due to the simple structures of periodic stripes. The first column of Fig. 2 also
demonstrates the consistent conclusion that all comparing approaches remove the periodic stripes and
well preserve the image details of stripe-free regions.

http:/ /www.escience.cn/people/changyi/codes.html.
DigitalGlobe with http:/ /www.digitalglobe.com/product-samples.
6 MODIS data with https:/ /ladsweb.nascom.nasa.gov/
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Table 1. The ReErr results between s,44,4 and s,,ssoreq for different methods

images (@) (b) (©) (d) () (1)
WFAF 01588 02828 02519 02468 02386 0.2574
SLD 0.0874 0.1670 01723 0.1664 0.1330 0.1346
UTV 00831 01542 02371 0.818 01314 0.1375
GSLV ~ 0.0867 0.1030 02385 0.1926 0.0912 0.1654
LRSID  0.0917 01884 02731 02125 0.1450 0.1897
Ours  0.0193 0.0693 0.0365 0.0892 0.0304 0.0813

2) Nonperiodic Stripes. For the non periodic stripes case, we test five remote sensing images from
the second column to the end column in Fig. 2 with added stripes (NonPer, 100, 0.6), (NonPer, 50, 0.2),
(NonPer, 60, 0.4), (NonPer, 100, 0.4) and (NonPer, 50, 0.6), respectively. Then, we display the destriping
results of WFAF, SLD, UTV, GSLV, LRSID and the proposed method for different simulated remote
sensing images starting from third row to the end row. See the visual results of the second column, the
WEFAF method has a obvious black line and changes the intensity contrast of the underlying image
significantly. Although the other comparing methods can remove stripes, some regions change the
intensity contrast of the underlying image on the left and the right parts, and the proposed method
shows a good performance. Then, from the third to sixth examples, we can clearly observe the residual
stripes and blurring effects resulted by the others comparing methods. Moreover, our method not only
removes stripes completely but also preserves image details well. From Fig. 3, we display the smaller
patches of Fig. 2 for visual quality comparisons, and ours results have a better performance than the
others.

Fig. 4 shows the estimated stripes based on Fig. 2. From Fig. 4, we know that the other comparing
methods may generate blurring effect and change intensity contrast. Meanwhile, the estimated stripes
of the proposed method neither eliminate image structures nor bring in blurring effects for both
periodic and nonperiodic stripes cases.

In Fig. 5, we show the difference/residuals between the added stripes and restored ones. Although
ours results have some residuals, the proposed method shows a better performance than the others
compared methods. Moreover, we utilize the ReErr results to show the differences/residuals of Fig. 5
in quantitative aspect. The ReErr results have shown in Table 1. From Table 1, our results outperform
than the other compared methods.
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Figure 2. The visual results of different simulated images. From top to bottom: underlying images,
degraded images, the destriping results of WFAF, SLD, UTV, GSLV, LRSID and Ours. The degraded
images in the second row are respectively added the stripes (from left to right): (Per, 10, 0.2), (NonPer,
100, 0.4), (NonPer, 50,0.2), (NonPer, 60, 0.4), (NonPer, 100, 0.4) and (NonPer, 50, 0.6). Readers are
recommended to zoom in all figures for better visibility.
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Figure 3. The zoom results of different simulated images in Fig. 2. From top to bottom: zoom of the
underlying images, the degrsded images, the destriping results of WFAF, SLD, UTV, GSLV, LRSID and
Ours. Note that the levels of stripes are same as Fig. 2.
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Figure 4. The stripes s of different simulated images in Fig. 2. From top to bottom: the added stripes
on the underlying image, the extracted stripe components of WFAF, SLD, UTV, GSLV, LRSID and Ours.
Note that the levels of stripes are same as Fig. 2.
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Figure 5. The difference of the added stripes and restored ones. From top to bottom: the difference
results of WFAF, SLD, UTV, GSLV, LRSID and Ours. Note that the levels of stripes are same as Fig. 2.

2) Averagely quantitative performance on 32 test images. To quantitatively test robustness
and effectiveness of the proposed method, Table 2 and Table 3 report the averagely quantitative
comparisons on 32 remote sensing images, which are randomly selected from three websites’. In the
tables, the best PSNR and SSIM results have been identified in bold. Especially, we compare these
methods on 32 remote sensing images with fixed parameters for each method.

Table 2 shows the PSNR and SSIM results on periodic stripes with different stripe levels. Although
variance of PSNR is not the smallest, the SSIM of the proposed method holds the best performance,
and SSIM is an important index to indicate stability on structural similarity of one method. Moreover,
our method has the best mean value results of PSNR and SSIM which show the significant advantages
than the other comparing methods.

7 1) “DigitalGlobe” with http:/ /www.digitalglobe.com /product-samples. 2) some subimages of “hyperspectral image of

Washington DC Mall” with https://engineering.purdue.edu/~biehl/MultiSpec/. 3) “MODIS” data with https://ladsweb.
nascom.nasa.gov/


http://www.digitalglobe.com/product-samples
https://engineering.purdue.edu/~biehl/MultiSpec/
https://ladsweb.nascom.nasa.gov/
https://ladsweb.nascom.nasa.gov/
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Table 2. The mean value of PSNR and SSIM of 32 images with periodic noise

Intensity Intensity=10 Intensity=50 Intensity=100

Ratio r=0.2 r=0.6 r=0.2 r=0.6 r=0.2 r=0.6
WFAF 41.40043.601 41.702+3.870 37.160+£1.975 37.5534+1.975 32.196+1.457 32.501+1.732
SLD 42.0374+2.927 41.048+2.909 41.71042.930 41.957+2.928 40.6144+2.549 41.644+2.836
PSNR uTv 42.0304+3.229 41.032+2.886 40.9204+2.773 43.086+2.298 41.4704+3.385 41.058+3.299
GSLV 42.55242.955 42.630+2.886 42.2024+3.058 43.533+2.856 43.43143.091 43.801+2.705
LRSID 43.948+2.104 42.775+2.010 42.308+2.169 44.548+1.976 43.77942.500 44.035+2.014
Ours 52.918+4.074 49.497+3.956 52.853+4.910 49.2124+4.390 52.854+4.902 49.182+4.368
WEFAF 0.993440.0058 0.9936+0.0062 0.9887+0.0084 0.9905+0.0078 0.9818+0.0103  0.9847+0.0085
SLD 0.99664+0.0029  0.9966+0.0029 0.9965+0.0031 0.9965+£0.0032 0.9962+0.0033 0.9964+0.0037
SSIM UTv 0.99594+0.0027 0.9959+0.0027 0.9911+£0.0025 0.9928+0.0023 0.9954+0.0024 0.993740.0076
GSLV 0.99914+0.0077  0.9968+0.0076  0.9916+0.0079 0.9903+0.0082 0.9966+0.0085 0.9969+0.0053
LRSID 0.99904+0.0107  0.9945£0.0056  0.9932+0.0044 0.9947+0.0032 0.9936+0.0047 0.995740.0031
Ours 0.9994+0.0007 0.9987+0.0011 0.9994+0.0013 0.9986+0.0016 0.9994+0.0062 0.9986+0.0019

Table 3. The mean value of PSNR and SSIM of 32 images with nonperiodic noise
Intensity Intensity=10 Intensity=50 Intensity=100

Ratio r=0.2 r=0.6 r=0.2 r=0.6 r=0.2 r=0.6
WFAF 40.9714+2.523 39.37242.249 30.536+1.508 37.6094+2.263 24.849+1.573 22.59441.541
SLD 41.47642.592 40.9354+2.201 35.9644+1.510 42.00743.020 30.963+1.414 28.403+1.729
PSNR UTv 41.15342.880 38.615+2.041 35.648+1.527 42.505+3.010 31.055+4.687 31.599+2.578
GSLV 42.28242.359 39.018+1.654 41.9854+1.239 39.838+2.903 36.1844+1.399 35.408+2.472
LRSID 42.6724+1.418 39.03441.302 42.81441.349 40.497+2.024 37.7794+1.212 33.5594+1.132
Ours 48.801+3.985 44.700+3.784 49.057+4.791 49.057+4.492 44.365+5.106 39.452+4.494
WEAF 0.99254+0.0056  0.9903+0.0069 0.9744+0.0104 0.9905+0.0081 0.9364+0.0207 0.902940.0565
SLD 0.9965+0.0031 0.9952+0.0031 0.9950+£0.0041 0.9964+0.0032 0.9907+0.0060 0.9823+0.0142
SSIM UuTv 0.99584+0.0029 0.9934+0.0052 0.9937+0.0042 0.9914+0.0056 0.9886+0.0193 0.985140.0122
GSLV 0.998240.0016  0.9917£0.0042 0.9962+0.0101  0.9967+0.0088 0.9956+0.0091 0.993340.0152
LRSID 0.99834+0.0032  0.9934+0.0113  0.9891+0.0070 0.9962+0.0042 0.9975+0.0091  0.9924+0.0402
Ours 0.9991+0.0006 0.9956+0.0035 0.9990+0.0010 0.9986+0.0016 0.9979+0.0012 0.9942+40.0042

For the nonperiodic stripes, we show the mean value results in Table 3. The WFAF method shows
the instability, and the PSNR and SSIM of LRSID method are consistent with the results in [25]. From
the two tables, our method always shows a good performance significantly.

In Fig. 6, we take two examples of Table 2 to show the PSNR and SSIM performance of all
comparing methods on each image. The y-axis stands for the value of PSNR or SSIM and the x-axis
represents the i-th image of 32 examples. Fig. 6 (I) and Fig. 6 (II) are the PSNR and SSIM performance
of stripes (Per, 100, 0.6), and Fig. 6 (II) and Fig. 6 (IV) are that of stripes (NonPer, 50, 0.2), respectively.
Although the PSNR results fluctuate with respect to different images, our method holds the best
PSNR results on almost of all images. Moreover, the SSIM results show the best performance with the
smallest variance, which is consistent with the results of Table 2 and Table 3. From Fig. 6, our method
is superior to the other comparing methods.
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Figure 6. The PSNR and SSIM performance on 32 images for the stripes (Per, 100, 0.6) and (NonPer,
50, 0.2). The x-axis represents each image and the quantitative results are shown in y-axis. (I) and (II)
are the PSNR and SSIM results for the stripes (Per, 100, 0.6), respectively. (IIT) and (IV) respectively
represent the PSNR and SSIM performance of the stripes (NonPer, 50, 0.2).

4.2. Real experiments

We also display the destriping results of six methods for six real remote sensing images, which
are also available on the website®, see Fig. 7. Similar to Fig. 2, the six real images with different stripes
are shown in the first row, and the destriping results of all comparing methods are presented from the
second row to the end row.

In Fig. 7, for the first, fifth and last real images, the proposed method not only removes the stripes
completely, but also preserves image details on stripe-free regions well. Note that the methods GSLV
and LRSID fail to obtain excellent results for the first image as the mentioned in their papers. For the
forth column, there are also several stripe residuals with WFAF and SLD, and the wide black shadow
areas appear by the UTV, GSLV and LRSID methods. Moreover, the destriping results of the WFAF
and SLD leave significant stripes for the second image, and still exist the wispy stripes for the third
example. According to several real experiments, the results demonstrate the universal effectiveness
and stability of the proposed method.

4.3. More discussion

1) Qualitative Analysis. For the further comparisons of different destriping methods for
simulated and real remote sensing images, we show the following two assessments. One is the
mean cross-track profile that the x-axis stands for the column number of an image and the y-axis
represents the mean value of each column, see Fig. 8 and Fig. 10. The other is the power spectrum that
the x-axis is the normalized frequencies of an image, and the y-axis shows the spectral magnitude with
a logarithmic scale, see Fig. 9 and Fig. 11.

In simulated experiments, the mean cross-track profile of the first image of Fig. 2 has been shown
in Fig. 8. Note that Fig. 8 (a) shows the mean cross-track profile of the underlying image, and Fig. 8 (b)
is the result of the degraded image. Moreover, Fig. 8 (c)-(f) are the mean cross-track profile results of
the six destriping methods, respectively. From the overall perspective, Fig. 8 (d) and Fig. 8 (e) have
obvious change of the intensity contrast. Seeing the details, Fig. 8 (c)-(g) have some mild fluctuations
which are different with the underlying image in Fig. 8 (a). The proposed method shows the best
performance, since it is almost same as the original one.

In addition, the power spectrum results of the second image of Fig. 2 has been shown in Fig. 9.
We denote the power spectrum results as Fig. 9 (a)-(h) which represent the power spectrum results of
the underlying image, the degraded image and the destriping results of six methods, respectively. Fig.
9 (c)-(g) have more fluctuations which indicate these methods may have the stripe residuals or bring a

8 https:/ /ladsweb.nascom.nasa.gov/
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Figure 7. The visual results of different real images. From top to bottom: the real images, the destriping
results of WFAF, SLD, UTV, GSLV, LRSID and Ours. Readers are recommended to zoom in all figures
for better visibility.
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270 little new noise in their destriping processes. For our method, i.e., Fig. 9 (f), it not only removes all
an stripes, but also preserves almost the essential details such as edges.
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Figure 8. Spatial mean cross-track profiles for simulated image of the first simulated example of Fig. 2.
(a) Underlying image. (b) Degraded image. Destriping results by (c) WFAF, (d) SLD, (e) UTYV, (f) GSLYV,
(g) LRSID, (h) Ours.
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Figure 9. Power spectrum for simulated image of the second example of Fig. 7. (a) Underlying image.
(b) Degraded image. Destriping results by (c) WFAF, (d)SLD, (e) UTYV, (f) GSLV, (g) LRSID, (h) Ours.

272 In real experiments, we also show the mean cross-track profile and the power spectrum in Fig.
s 10 and Fig. 11, respectively. Fig. 10 shows the mean cross-track profile results of the first column of
27 Fig. 7. Note that Fig. 10 (a) is the mean cross-track profile result of the first real remote sensing image,
25 and Fig. 10 (b)-(g) show the profile results of six destriping methods, respectively. In general, the

2

3
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profiles of the destriping method should smoothen huge fluctuates and maintain primary structure
information. However, the profiles of WFAF and LRSID have obvious fluctuations where the stripes
still exist, and that of SLD is over-smooth missing a lot of underlying image details. In Fig. 10 (d) and
Fig. 10 (e), although stripes are mostly removed, the destriping profiles have some mild burrs and
too much smoothness because of the unidirectional property of UTV and the global sparsity of GSLV,
respectively. In addition, the profile of the proposed method, i.e., Fig. 10 (g), can realize the desired
result both on removing stripes and keeping underlying image details.

In Fig. 11, the power spectrum results of the forth example of Fig. 7 are plotted. Fig. 11 (a)-(h)
represent the power spectrum results of the forth real remote sensing image and six destriping methods,
respectively. We observe that the real remote sensing image in Fig. 11 (a) has much fluctuates where
stand for stripes. According to the power spectrum results of the six methods in Fig. 11 (b)-(f), although
the stripes are almost removed well, there are still some slight blurring regions, while the proposed
method shows the best performance in Fig. 11 (g).

Mean value
Mean value

L T B L T T B L Y Y L T BT R R

L
050 %N N HHH N 190 H 0050680 09 0 mH 0 mHD0H N 09 0505 NH Q00

0
Linenumber Linemumber Lineumbey Linenumber
(a) (b) (0 (d)

il T T R B o T T R Y B bl

L L
LN A e R JEBDlEOIiJZEUZﬁJSEﬂiSSMUu’SEE‘D T . O O

Lineumber Linenumber Linenumber
(e) ®) (8)

Figure 10. Spatial mean cross-track profiles for the first real example of Fig. 7. (a) Real image.
Destriping results by (b) WFAE, (c)SLD, (d) UTV, (e) GSLV, (f) LRSID, (g) Ours.

2) The influence of different regularization terms in the proposed model. Fully considering
the destriping problem (2) and the optimization model (12), we assume that Ry is a necessary term,
since R is the only term to describe the property of the underlying image u. To confirm whether both
R; and R; are necessary priors as well as have significant contribution for destriping performance,
in Fig. 12, we give the mean value of PSNR and SSIM for 32 images as before. Here, R;, represents
R; + Ry, Rp3 stands for Ry 4+ R3 and Rjy3 represents Ry + Ry + R3 (i.e., the proposed model). Please
find the definitions of Ry, Ry, R3 from Eq. (9), Eq. (10) and Eq. (11), respectively.

Fig. 12 (I) and Fig. 12 (II) show the mean value of PSNR and the mean value of SSIM on 32 images
same as before for periodic stripes. The periodic stripe levels (a)-(f) are (Per, 10, 0.2), (Per, 10, 0.6), (Per,
50, 0.2), (Per, 50, 0.6), (Per, 100, 0.2) and (Per, 100, 0.6), respectively. Moreover, Fig. 12 (Il) and Fig. 12
(IV) display the mean value of PSNR and the mean value of SSIM on 32 images for nonperiodic stripes.
The nonperiodic stripe levels (a)-(f) stand for (NonPer, 10, 0.2), (NonPer, 10, 0.6), (NonPer, 50, 0.2),
(NonPer, 50, 0.6), (NonPer, 100, 0.2) and (NonPer, 100, 0.6), respectively.

From the results in Fig. 12, we can conclude three points. 1) The results both PSNR and SSIM of
the proposed model (i.e., Rip3) perform the best than those of the other two models. 2) For Rj, and Rys,
Rp3 shows more stability than Ry, as the green bars do not significantly change with different stripes.
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Figure 11. Power spectral for the forth real example of Fig. 7. (a) Real image. Destriping results by (b)
WEAF, (c)SLD, (d) UTV, (e) GSLY, (f) LRSID, (g) Ours.

mean val ue of PSNR mean val ue of SSIM mean val ue of PSNR mean val ue of SSIM
R L R R B R
R 0.9 Ere3 Ere3 0.9 R
50 CRi2: CRra2: 50| CRi2: CRi2:
0.8 0. 8]
2 0.7 0 0.7
o« So0.6 x S0.6
B @ 0.5 B0 @0.5
o o 0
0.4 0.4
20 0.4 20 0.3
10| 0.2 10| 0.2
0.1 0.1
0 0 0 0
a b ¢ d e f a b ¢ d e f a b ¢ d e f a b c d e f
Periodic Niose |evel Periodic Niose |evel Nonperi odi ¢ Niose |evel Nanneri ndi e Ni nse | evel

Figure 12. The influence of different terms in the proposed model. Ry, represents Ry 4 Ry, Ro3 stands for
Ry 4+ R3 and Rypj3 represents Ry + Ry + R3 (i.e., the proposed model). (I) The mean PSNR performance
on 32 images for periodic stripes with different stripe levels; (II) The mean SSIM performance on 32
images for periodic stripes with different stripe levels; The stripe levels (a)-(f) stand for (Per, 10, 0.2),
(Per, 10, 0.6), (Per, 50, 0.2), (Per, 50, 0.6), (Per, 100, 0.2) and (Per, 100, 0.6), respectively. (III) The mean
PSNR performance on 32 images for nonperiodic stripes with different stripe levels; (IV) The mean
SSIM performance on 32 images for nonperiodic stripes with different stripe levels. The stripe levels
(a)-(f) stand for (NonPer, 10, 0.2), (NonPer, 10, 0.6), (NonPer, 50, 0.2), (NonPer, 50, 0.6), (NonPer, 100,
0.2) and (NonPer, 100, 0.6), respectively.

3) R3 actually plays a more important role than R; with respect to PSNR (see Fig. 12 (I) and Fig. 12
(III)). On the contrary, Ry plays a more important role than R3 with respect to SSIM (see Fig. 12 (II) and
Fig. 12 (IV)). Fig. 12 demonstrates the effectiveness of the proposed model and the importance of the
three terms.

3) Parameters selection. In this paper, the proposed method mainly involves six parameters A, y,
B1, B2, B3 and B4. The stripes of different types can be removed by setting different parameters. For
example, if the stripes are heavy, the i should be small and the A should be large.

For the simulated experiments, the parameters have the following setting: 1) For the periodic
stripes, we empirically set the parametersas A = 1, y = 0.1, B1 = B2 = B3 = 100, B4 = 1000.
Under this parameter setting, it can generate a good performance for most of all examples. 2) For
the non-periodic stripes, the parameters are empirically setas A = 1, p = 0.1, §; = 100, g, = 10,
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B3 = 10 and B4 = 1000. Similarly, the proposed method can obtain an excellent performance under
this parameter setting for most of images. For the real experiments, most of all examples show the
superior results with A = 10, y = 1 and B1 = B2 = B3 = B4 = 1. Note that, if fine tuning parameters
for each images would get better results. To simplify the process of the parameter adjustment, we
unify parameters to demonstrate the stability of the proposed method.

5. Conclusion

In this paper, we proposed a directionally non-convex ¢j sparse model for remote sensing image
destriping. This model was efficiently solved by the designed PADMM algorithm based on the MPEC
reformulation. Furthermore, we also theoretically gave the corresponding proof of the convergence
to the KKT point by this work. Experimental results on simulated and real data demonstrated
the effectiveness of the proposed method, both quantitatively and visually. Moreover, the mean
performance of Table 2 and Table 3 also exhibited the stability of our method to parameters and
different stripes.

In the future, we will extend the proposed model to the oblique stripes removal by fully
considering the latent properties of oblique stripes. Furthermore, the proposed method was only
applied to single-band image stripe removal. We may extend our framework to multispectral or
hyperspectral image stripe removal by some intrinsic properties, e.g., low-rank and non-local priors.
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Appendix A Convergence of the proposed method

In fact, the global convergence of the ADMM algorithm has been proved under some conditions
[41], and that of the generalized ADMM is also verified in [42]. Wen et al. [43] show that the sequence
formed by ADMM can converge to a KKT point. Moreover, some researches give the convergence
property of proximal ADMM (PADMM), see [31] and [44]. Considering our non-convex optimization
model, convergence to a stationary point (local minimum) is the best convergence property. Similarly,
in this paper, we design a PADMM based algorithm to solve the remote sensing image destriping
problem, as well as prove the convergence of the proposed algorithm which can converge to the KKT
point. Here, we denote that the limitation of vector is defined as pointwise convergence. For instance,
for xk = (x’l‘,o .- ,x’,;)T, limy_ oo XKt —xk =0 represents that limy xf“ - xi.‘ =0,i=1,---,n.

theorem[Convergence of Algorithm 1] Let P = (h,z,w,v,s),Q £ (51, 712, 713, 714). {P*,QF oy
is a sequence of the solution of Algorithm 1 after k-th iteration. Assume that limy_,,
(QF1 — QF) = 0 and lim_,, s¥™! — s* = 0, then the accumulation point of the subsequence {P¥, Q}
is the KKT point which satisfies the KKT conditions.

Proof: For convenience, we define

AE{z]0<z<1}.
Recall our optimization model
min (1,1 —v) + p|z[|1 +Al[w]]x
vEA, s (Al)
st.ve|h| =0, Vys=h, s =z, Vi(b—s)=w.

The Lagrange function L is

L(h,z,w,v,s, 1, 5, 713, 14) = (1,1 —v) + p||z||1 + A|[w]|[1 + (Vys —h, 1)

(A2)
+ <S -z 71'2> + <Vx(b - S) - W, 7T3> + <V® |h‘,71’4>,
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where 711, 715, 713 and 7ty are Lagrange multipliers. Now, we give the first-order optimal conditions of
the proposed problem for L(h*, z*, w*, v*,s*, i, Ty, T3, 7-(1).

0 = VyTnf + 15 - Vi,
0 < (myoh|-1Lv-v"), WweA
0 € —m+m; OV oI |h*|
0 € — 3+ pdllll
0 € —m3+Ad||wl|y (A3)
0 = Vys* - h*
0 =s"—-z"
0 = Vi(b—s") —w*
0 =v"® |h"|
350 The Robinson’s constraint qualification can guarantee the existence of the optimization solution.

1 Next, we will confirm the convergence property of the designed PADMM based algorithm with a

2 convergence sequence under the similar assumption condition in [43]. The augmented Lagrangian

s function L(h,z,w,v,s, 71, 75, 713, 704, B1, B2, B3, B4), which is in Eq. (16), is denoted as Elg. Note that,

ss¢ the Lagrangian function L is used to get the KKT conditions. Then we prove that the solution of the

sss augmented Lagrangian function £, which is solved by Algorithm 1, can satisfy the KKT conditions.
(i) According to the limit of QF and the update formula of the multipliers Q“*!, we can get

kh_{?o VySkJrl o hk+1 =0, (A4)
]}L)n;o Sk+1 _ Zk+l — 0, (A5)
;}Ln;o V(b — sk+1) —witl =, (A6)
Jim vt o W =o. (A7)

(il) According to the limit of 7f, 7r¥, and the h*+! subproblem of £ pin Eq. (17) , we can get

lim hk+1 c argrrhin <vysk+1 7h’ 7'L’{(+1> + %Hvysk-&-l *h||2 + <vk+1 ® |h|, ni<+1> + %HV](-H o) |h|||2,

k—o0

By the first optimality condition of h, we have

khm _ n.{chl + ﬂichl @VkJrl ® a‘ ‘hk+1||1 50. (A8)
—00

(ili) According to the limit of 7%, and the z**! subproblem of £ p in Eq. (21), we can get

lim 2" € argmin pl|z||; + ("1 — 2, 75T 4 &Hskﬂ —z||%,
k—oo0 z 2
By the first optimality condition of z, we have
Jim - — 73 4 ] |2 5 0. (A9)

(iv) According to the limit of 7z¥, and the w**! subproblem of £ p in Eq. (23), we can get

53 ﬂk-‘rl
lim w*™! € argmin Afwll; + =||Vi(b— 1) —w+ S| 2,
k—o0 w 2 ‘33
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By the first optimality condition of w, we have

lim — i+ A9]|wr |, 3 0. (A10)
k—o0
(v) According to the limit of 7r§, h* and the vF*! subproblem of £ p in Eq. (25), we can get

klim vl € arg min (v, mi Tl o [WFT - 1) + &HVQ [ 2,
—v00 0<v<1 2

By the first optimality condition of v, we have
klirn (Tl o |p — 1, v — v >0, Wwe A, (A11)
— 00

k+1 k+1

(vi) According to the limit of s*™* and the update formula of s
we have the first optimality condition of s is

subproblem of L in Eq. (27),

V;T[i(-‘rl + ﬁlvg(vyskﬁ-l _ hk+1) + 7.[;(4-1 + ﬁ2(5k+1 _ zk-‘rl) _ v£ﬂ§+1

— /33V§(V£(b — sk+1) — wk+1) + D(sk+1 — sk) =0.

Combining it with (A4), (A5), (A6) and (A7), then we have

Jim Vit 4 bt - vt 4 D —sk) =o. (A12)
—00
Since the formula limy_,, "1 — s = 0 and the matrix D is a positive definite, so we have

limy_,, D(s"1 — s) = 0. Thus, we have
Jim Vit 4wt - vt =o. (A13)

Combining (A4), (A5), (A6), (A7), (A8), (A9), (A10), (All) and (A13), we conclude that the
{P¥, QF} is the sequence generated by the Algorithm 1, and as k — oo, there exists a subsequence
{P¥, Q}, whose accumulation point satisfies the KKT conditions in Eq. (A3).
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