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Abstract

The blind text image deblurring problem presents a
formidable challenge, requiring the recovery of a clean and
sharp text image from a blurry version with an unknown blur
kernel. Sparsity-based strategies have demonstrated their ef-
ficacy by emphasizing the sparse priors of the latent image
and kernel. However, these existing strategies have largely ne-
glected the influence of additional noise, imposing limitations
on their performance. To overcome this limitation, we pro-
pose a novel framework designed to effectively mitigate the
impact of extensive noise prevalent in blurred images. Our ap-
proach centers around a robust Maximum Consensus Frame-
work, wherein we optimize the quantity of interest from the
noisy blurry image based on the maximum consensus crite-
rion. Furthermore, we propose the integration of the Alternat-
ing Direction Method of Multipliers (ADMM) and the Half-
Quadratic Splitting (HQS) method to effectively address the
computationally intractable £, norm problem. This innovative
strategy enables improvements in the deblurring performance
of blurry text images with the additional synthetic noise. Ex-
perimental evaluations conducted on various noisy blurry text
images demonstrate the superiority of the proposed approach
over existing methods.

Introduction

Image deblurring is a low-level computer vision task, where
image blur can arise from various sources, such as camera
shake (Kohler et al. 2012), object motion (Gong et al. 2017),
or defocus (Zhou, Lin, and Nayar 2011).

The problem about recovering a blur kernel and sharp la-
tent image from a blurred image, also known as blind image
deblurring, has emerged as a fundamental challenge in the
field of image and signal processing. It’s been attracting sig-
nificant attention from the vision and graphics community
over the past decade. Numerous research efforts have been
devoted to this problem (Nah, Hyun Kim, and Mu Lee 2017;
Tao et al. 2018; Chen et al. 2020; Huang, Xia, and Ye 2021;
Ji et al. 2022) to improve the quality and fidelity of blurred
images. Mathematically, the blur kernel is characterized by
the spatial invariance assumption, and as such, the blur pro-
cess is typically represented by:

B=LK+FE,
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where B, L, K, E, ® denote the observed blurry image, the
corresponding unknown sharp image, unknown kernel, mul-
tiple noise, and convolution operator respectively. The prob-
lem defined by (1) is considered ill-posed due to the simulta-
neous unknowns, L and K, leading to an infinite number of
possible solutions. To address this challenge effectively, ad-
ditional prior knowledge constraints regarding both kernels
and images become imperative.

In contrast to natural-scene imaging, text images exhibit
deviations in gradient statistics that do not align with the
prior expectations based on heavy-tailed gradient distribu-
tions (Pan et al. 2016a). This discrepancy can be attributed
to the characteristic two-toned nature (black and white) of
text images. Additionally, clear text images manifest more
pronounced zero peaks concerning both pixel intensities and
gradients when compared to their blurry counterparts. Cap-
italizing on this inherent characteristic of text images, a
framework based on a least squares approximation, integrat-
ing diverse sparse priors, has been introduced to effectively
address the challenge of text image deblurring (Pan et al.
2016a; Fang et al. 2018; Li et al. 2023).

Nevertheless, within the existing text image deblurring
strategies, the influence of additional noise is often over-
looked, with the focus primarily centered on the sparse pri-
ors of the latent image and kernel. It is essential to ac-
knowledge that such approaches may encounter limitations
when dealing with blurred text images that encompass a sub-
stantial amount of noise, including both Gaussian and non-
Gaussian noise.

To address the challenge of handling the noise in the
blurry text image, we put forth a novel maximum consensus
framework tailored for robust text image deblurring. This
framework facilitates deterministic search within robust fit-
ting problems, with a central objective of segregating inliers
from outliers through the maximization of the consensus
number of inliers. Nonetheless, the intrinsic complexity of
maximum consensus estimation renders exhaustive search
indispensable for attaining the global optimum, particularly
well-suited when applied to datasets of limited scale. To
address this limitation, we further explore the use of the
Alternating Direction Method of Multipliers (ADMM) and
the Half-Quadratic Splitting (HQS) method. By employing
these optimization methods, this deterministically approxi-
mate solution is poised to strike a balance between compu-



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

tational efficiency and solution quality, offering a promising
avenue for optimizing the consensus framework.

In summary, this paper makes the following main contri-
butions: (i) Introducing a novel maximum consensus frame-
work for robust text image deblurring, effectively alleviating
the impact of noise; (ii) The proposition of a locally conver-
gent solution integrated within the aforementioned frame-
work, which seamlessly amalgamates the ADMM and HQS,
thus furnishing a viable way for optimizing our innovative
framework. Moreover, the experimental results provide em-
pirical evidence that highlights the efficacy and superior-
ity of the proposed method in comparison to existing ap-
proaches for addressing blurry text images with the presence
of additional noises.

Related Work

Image deblurring has been studied extensively and numer-
ous algorithms have been proposed. Regarding modern ap-
proaches to model construction, the majority of recent tech-
niques can be roughly categorized into two primary groups:
optimization-based and learning-based strategy.

In terms of the optimization-based aspect (Krishnan and
Fergus 2009; Xu and Jia 2010; Levin et al. 2011; Krish-
nan, Tay, and Fergus 2011; Vega, Molina, and Katsagge-
los 2014; Ravi, Mehta, and Singh 2018), this kind of strat-
egy introduces priors to incorporate uncertain characteris-
tics, ranging from fundamental image geometry in the con-
text of its relation to edge detection and saliency, with the
objective, to mitigate the ill-posed nature of blind deconvo-
lution. In learning-based strategy (Chakrabarti 2016; Nabh,
Hyun Kim, and Mu Lee 2017; Zhang et al. 2018; Kupyn
et al. 2019; Zhang et al. 2020), deep learning techniques
have been designed for the restoration of single images and
video sequences. They rely on synthetic pairs of both sharp
and blurry images, leveraging deep learning architectures to
estimate the latent sharp image as well as the blur kernel.

Furthermore, a multitude of endeavors (Zhong et al.
2013; Pan et al. 2016b; Dong et al. 2017; Chen et al.
2020) have surfaced to address the challenge of noise
within optimization-based image deblurring problems.
These methodologies often incorporate tailored heuristics
or robust regularization priors, specifically devised to dis-
tinguish inliers from prominent outliers prevalent in noisy
natural images.

Despite the methods proposed for deblurring generic im-
ages, it has been observed that these priors often exhibit
reduced effectiveness when applied to scenarios involving
rich text. Different from the prior that heavy-tailed gradi-
ent statistics commonly found in natural image, text images
are better characterized by two-tone distributions. Building
upon this distinction, numerous scholars (Cho, Wang, and
Lee 2012; Pan et al. 2016a; Qin, Wu, and Li 2018; Fang et al.
2018; Li et al. 2023) have introduced innovative sparsity-
based priors tailored to both blur kernels and latent images.
However, existing text deblurring methods have not explic-
itly considered the influence of diverse noise in the blurry
text image. This oversight has the potential to introduce un-
predictable variables into the optimization procedure, subse-
quently impacting the achievement of accurate optima.
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While existing sparsity-based methods for text image de-
blurring demonstrate the capability to recover the latent im-
age and unknown kernel simultaneously, their performance
is limited by the absence of intrinsic denoising properties. In
contrast, our proposed method excels by simultaneously de-
noising and deblurring noisy text images. Subsequently, we
provide a comprehensive elucidation of our framework.

Maximum Consensus Framework

The goal of blind deconvolution is to estimate both L and
K. The general sparsity-based approach to solve this ill-
posed problem is least squares approximation, seeking a pair
(L*, K™) via

(L*,K") = argILniII{l |1B — K®L||2F + v,V +7.Y,
2

where the symbol ||-|| . represents the Frobenius norm. Ad-
ditionally, ¥ i and ¥, denote regularization term, associat-
ing with the unknown kernel and latent sharp image respec-
tively, with the corresponding coefficients yx and 7y .

Building upon this approach, we subsequently partition
the pixel points into distinct inlier and outlier sets. Sub-
sequently, our analysis focuses on a pixel set denoted as
X = {Z,0}, where T denotes the set of inlier pixels, O
denotes the set of outlier pixels. The consensus maximiza-
tion algorithm is designed to identify the largest consensus
set by solving an optimization problem:

maximize |Z|
K.L
subjectto  |(K ® L),; — Bij| <6, (3)

where the pixel value in the ¢-th row and j-th column of the
latent image after filtering are denoted as (K ® L),;, while
B;; refers to the corresponding pixel value in the observed
blurry image.

Furthermore, we transform (3) to the complementary
problem, where a slack variable S is introduced as follows:

maximize HW — IS, ,
K,L.S ’

subjectto (K ® L), “4)

Si; >0,

where H and W represent the height and width of the ob-
served image, respectively, and ||SH07O denotes the number
of non-zero elements in matrix S. Moreover, the inequal-
ity constraint part in (4) can be expressed as a pair of linear
inequality constraints, as shown below:

(K®L)ij_Bij S(S—FSL]

— Bij| <0+ Sij,

®)

and
—(K®L)ij+Bij <6+ 8555 (6)

Through denoting K
T
{LT7LT] B =

T ~
{KT, —KT} L

[BT,—BT}T, g = {ST,ST]T, and
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~ ~ T
Kol = {(K ® L), (~K © L)T| ", the problem (4)
can be generalized as
o g
minimize [|S]lo,0

subjectto K ® L — B < 8 + d1lapxw, 7
S >0,

where 15« denotes a matrix with dimensions 2H x W
wherein all its entries have a uniform value, equal to 1.

Nevertheless, the existence of simultaneous unknowns in
this framework gives rise to an infinite number of poten-
tial solutions for both L and K. To address this issue, we
integrate prior knowledge from framework (2) with con-
sensus maximization. Specifically, we adopt the ¢, regular-
ized image intensity and gradient prior as proposed in (Pan
et al. 2016a). By incorporating the additional constraints
U (K) = |K|z < ¢ and Up (L) = o|Lllg, +
[VL|ly, <t with ¢ being a sufficiently small constant real
number, the Lagrangian reformulation of this optimization
problem is as follows:

minimize ISl o + 71 ¥ (K) + 702 (L)

subjectto K ® L — B < 8+ 0lagxw, ®)

S >0.
Optimization Analysis

T

By introducing an auxiliary variable V' = {VlT, VQT} , the

problem (8) can be reconfigured in the form of an equality
constraint:

minimize

v

R Ia)

”S”(),o + vk ¥k (K)+ .9 (L)

subject to K@i—B—S’—élgHXw:V, ©
S$>0,V <0,

where Vi = KQL—-B—-S—-01gywand Vy = —KQL+

B — S — 61y «w in the constraint part. The corresponding

augmented scaled Lagrangian is given by:

L, = ”S”op + vk ¥k (K)+ .9, (L)
+Tr (pUT [in—B—S—ﬁgHW_VD

+gHK®i—B—§_612HxW_VHia
(10)
where pU = p |UT,UZ T, with the same matrix block
partition as V/, is the matrix form of the Lagrange multiplier
and the scalar p > 0. Furthermore, it can be simplified as:

p
Ly = 1Slo,0 + 7V (K) +7291 (L) = 5 Ul

- - - - 2
+gHK®L—B—S—612HXw—V+UHF.
(11)

To achieve the optimal solution, we can minimize £, with
respect to the primal variables (K, L, S, V'), while simulta-
neously maximizing it with respect to the dual variable U
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through the use of the dual ascent method. Instead of pursu-
ing a joint minimization strategy, we adopt a Gauss-Seidel
fashion, sequentially minimizing the £, over primal vari-
ables to derive the ADMM solution (Boyd et al. 2011).

In this way, the deconvolution procedure is formulated as
an optimization problem by iteratively solving for the latent
image L and the blur kernel K:

N N 2
L+ — argmgng HK(k) oL — Y(k)HF +vV¥r,

(12)
- (k 2
KD — argminB HK@ L(k+1) — Y(k)H +vx ¥k,
K 2 F (13)
where
K O
y®) — {(Y1 ) ,(Y2 ) } , (14)

with Y{" = B+S® 1615, + V1 UM and Y =

B+ 8% 4 51w + VI —UP.
Concurrently, the updating procedure of the auxiliary
variable (S, V') and the dual variable U is as follows:

k+1 . Plle k1) ||?
S —argmin ISy + 5 |8 PEV

2
(k+1) _ . H _ (k+1)H
\4 arg gé% V-Q o

(15)
Ut — g®) +K(k+1) ® i*Y _ g
~ MY oyt 0lomxw,
where
ple+1) _ D ® i*Y _ g
B (16)
— 0lopew — V) +U®
and
Q(k+1) _ I~<(k:+1) @_E(k+1) _ B -
_ - (k+1) (k) ( )
Ologsxw — S +U

T
with matrix block partitions denoted as P = {PlT, Pg}

T
and Q = QlT,Qg . These partitions are defined in a

manner identical to that of Y. In-depth explanations and
elaborations of these sub-problems are provided in the sub-
sequent subsections.

Estimating Latent Image L

The presence of the ¢, regularization term in (12) renders the
minimization of (12) computationally intractable. Inspired
by (Pan et al. 2016a), the optimization problem (12) can be
solved by the HQS minimization approach (Xu et al. 2011).
Specifically, by introducing auxiliary variables J and G =

T
{Gf, GT] corresponding to L and V L, the problem (12)

v

can reformulated as follows:

N ~ 2
minimize 2 HK(k) oL - Y(k)H +BIIL - J||%
F

LJG 2
+ VL = G|% + 7z (o] T o0 + HGllo,ozl,S)
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where § and p are hyperparameter. The problem (18) can
be efficiently solved through alternatively minimizing the
variables L, J and G independently while fixing the other
variables. Specifically, the optimal value of L is obtained by
solving when fixing variables J and G

minimize L Hf{(k) oL - Y(k)H2 + BIIL — JH%
L 2 F (19)

+ullVL - G|,

Moreover, the Convolution Theorem states that convolu-
tion in the spatial domain becomes an element-wise multi-
plication in the Fourier domain. Using the symbol %' to de-
note element-wise multiplication and F to indicate the Fast
Fourier Transform (FFT), the closed-form solution of (19)
can be expressed as:

) ; (20)

LD — -1 (PFY +BF (J)+puFq
pFi + Bl + uFy

where F g, Fy, Fg, Fy are defined as .F(K(k)) *
(). F(K) « (£(r) - (v4)) 2
F (V) x F(Gp)+F (Vy)x F(G,), F(Vp)x F(Vr)+
F(Vy) « F(V,), respectively. Here, V}, and V, repre-
sent the horizontal and vertical differential operators, corre-
spondingly. Moreover, 7! and F signify the inverse FFT
operator and the complex conjugate operator of the FFT, re-
spectively.

After attaining the optimal value of L in the current it-

eration, the computation of J and G can be accomplished
individually as follows:

miniJmize BllJ — LE+Y|12,

minimize /|G - VLE )2 4 4L[|G o0

which corresponds to the identically weighted least squares
approximation with an /g regularization term, and it can
be optimized through the element-wise minimization pro-

cedure as follows, with the notation L* = L*+D.
L. \L |2 L
Jr = ij) B 22
*J {0, otherwise 22)
and
VL. |VL |2 > 1

G* = ij° 5 23
* {0, otherwise 23)

Estimating Blur Kernel K

With optimal value L%+ in the current iteration, we esti-

mate the blur kernel in the gradient space instead of using
the form of update (13), influenced by the methodology in-
troduced in (Pan et al. 2016a):

(k+1)

2
y®
V HF +7K\IJK>

(24)

K+ — argmln = HK ® L
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where i(vkﬂ) = vi""" and Y(Vk) = VB + 5" +

Ologxw + vk k), Furthermore, the kernel estima-
tion procedure is executed in a coarse-to-fine strategy by
employing an image pyramid. These adjustments yield more
precise updates compared to the direct utilization of inten-
sity values, as demonstrated in the algorithm analysis sec-
tion. Subsequently, problem (24) can also be resolved in a
closed-form solution in the Fourier domain. Following the
acquisition of the optimal K (k1) it becomes essential to
set negative elements to 0, while simultaneously normaliz-
ing the summation of all elements within K (k41 10 1.

+1)

Estimating Auxiliary Variable (S, V)

The optimal update of S becomes computationally in-
tractable due to the presence of [|S|| ,, similar to the com-
plexity observed when updating L. To resolve this, we adopt
the HQS minimization approach to find the solution for S.
Specifically, we introduce the second order auxiliary vari-
able H to facilitate the update of S, which can be reformu-
lated as follows:

S+ — arg min
5>0.H 2

+AIS — H| %,

whose optimization procedure is partitioned into two regu-
larized least squares approximations, individually, which are
alternatively optimized. For optimizing .S, the optimization
problem (25) can be rewritten as follows:

S — P(’““)H +
£)3 1Hloo s,

mlrslvlg(l)lze = HS P(k+1)H +A|S - H|%, (26)
The closed form of S is:
(k+1) (k+1)
gk+1) _ s-o P (P1 + P, ) + 2 \H
= 2(p+A) ’
(27)

where projective function is defined as II¢(Y)
arg minxec | X — Y|[|%

After obtaining optimal S* = S (+1) in the current step,
the second order auxiliary variable H is updated via opti-
mizing the following problem:

minimize | H |, o +A|S™ — H| %, (28)

which can be optimized on a pixel-wise basis as follows:

S5 18517 >
H = {7 X )
“ {0, otherwme (29)
As for updating V/, it can be efficiently optimized by
element-wise projection onto C = {V |V < 0} :

YO _ {Qﬁf“% QY <

ij

(30)
0, 0therw1se

Algorithm 1 outlines the procedure for recovering the la-
tent image and unknown kernel within the maximum con-
sensus framework. For the purpose of removing artifacts
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Algorithm 1: Robust Text Image Deblurring via Maximum
Consensus Framework
Input:
B: Blurred image;
maxIter: Maximum iteration;
max Level: Maximum pyramid level;
Output: Intermediate laten image L* and blur kernel K™,
Process:
1: Build the pyramid images of input blurred image
B; (1 < i < maxLevel) from coarse to fine;
2: Initialize Ly = B and K ;
3: for i = 1to maxLevel do

4. fork=1to Enaxlter do

5: Update LE ) by using (12);

6: Update K Z(.k) by solving (24);

7 Normalize K Ek);

8 Update S v®) U®) gt the current pyramid

level by using (15);
9: end for
10:  Upsample B; and K; to B;;; and K, respec-
tively;

11:  Normalize K ;
12: end for

13: L = Lmaa:Level and K* = Kma:cLevel;
14: Return L* and K*.

arising due to complex backgrounds or intricate texture de-
tails, we integrate the residual deconvolution technique in-
troduced by (Pan et al. 2016a) into each level of the im-
age pyramid. Specifically, we calculate two intermediary la-
tent images denoted as L,, and L,. The former is estimated
employing a Laplacian prior strategy (Krishnan and Fergus
2009), while the latter is derived by employing the ¥, (L)
term without the incorporation of intensity regularization.
Subsequent to this, we apply a bilateral filter to the differ-
ence image between L, and L,. The eventual result is the
refinement of the latent image L, achieved through the sub-
traction of the filtered difference image from L, effectively
reducing any residual ringing artifacts.

Experimental Result

This section provides a thorough performance analysis of
our proposed algorithm in contrast to state-of-the-art tech-
niques for text image deblurring, conducted on synthetic
image datasets. These methodologies encompass represen-
tative strategies, which encompass two sparsity-based ap-
proaches and two noise handling methodologies. The brief
introduction of the algorithms under comparison is as fol-
lows:

e (Zhong et al. 2013): It’s a noise handling method for
noisy natural blurry images that employs directional fil-
ters to mitigate noise while preserving the blur details in
their orthogonal direction;

e (Pan et al. 2016a): It’s a sparsity-based approach tai-
lored for text blurry images that leverages a potent -
regularized prior grounded in both intensity and gradient
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attributes to address text image deblurring;

* (Chen et al. 2020): It’s a noise handling method for noisy
natural blurry images that operates by imposing a con-
tinuous weighting mask on elements. This mask serves
to classify their nature, distinguishing outliers, and sub-
sequently discarding them;

* (Li et al. 2023): It’s a sparsity-based approach for text
blurry images grounded in the principles of multi-scale
fusion and sparse priors, designed to tackle the intricacies
of text image deblurring.

During the experimental phase, we set the parameters as
follows: v, = de73, yg =2,and o = 0.8.

Quantitative Evaluation on Synthetic Text Images

We employed a dataset comprising 15 authentic text-
related images as well as 8 pre-established kernels sourced
from (Levin et al. 2009). Employing these kernels, we syn-
thetically generated a collection of blurred images by con-
volving primary text images, resulting in the creation of 120
distinct blurry image instances. Subsequently, we introduced
white Gaussian noise with a standard deviation of 0.1 to each
pixel within the images. For the generation of outliers, char-
acterized by heightened noise levels relative to inliers, we
intentionally perturbed a randomly selected subset of pixels
using Gaussian noise with a standard deviation of 1.2.

Figure 1 presents the average Peak Signal-to-Noise Ratio
(PSNR) value for latent image evaluation and kernel sim-
ilarity for unknown kernel evaluation. The average PSNR
value in Figure 1(a) were computed based on 8§ kernels for
each image, while the average kernel similarity was derived
from 15 images for each kernel in Figure 1(b), both with
the outlier ratio set at 55%. Given the disruptive influence
of outliers, conventional deblurring methods struggle to ac-
curately estimate the blur kernel. Therefore, our comparison
primarily focuses on noise handling methodologies in rela-
tion to kernel similarity. Additionally, the average PSNR and
kernel similarity value in Figure 1(c) and (d) were computed
across 120 combinations, varying the proportion of outliers
from 0% to 50%.

The quantitative results demonstrate the conspicuously
superior performance of our proposed algorithm compared
to two sparsity-based methodologies and a noise handling
method presented in (Zhong et al. 2013), both in terms of la-
tent image and kernel estimation. In comparison to the noise
handling method introduced in (Chen et al. 2020), our pro-
posed method exhibits heightened effectiveness, particularly
when the outlier ratio remains under 10%.

Visual Evaluation on Text Blurry Images

Figure 2 presents two representative text blurry instances
provided by (Cho, Wang, and Lee 2012), each subject to
distinct conditions of noise addition. Specifically, both ex-
amples feature a randomly selected subset of pixels exposed
to white Gaussian noise with a standard deviation of 1.2.
However, the first example is characterized by an outlier pro-
portion of 50%, while the second example exhibits a sig-
nificantly lower outlier proportion of 10%. The presence
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Figure 1: Quantitative analysis of the proposed text image dataset under the influence of additive noise is presented. In (a)
and (b), the average PSNR value and kernel similarity are displayed, with an outlier ratio set at 55%. Additionally, (c) and (d)
showcase the average PSNR value and kernel similarity across varying outlier ratios, spanning from 0% to 50%.

of outliers significantly impedes the conventional deblur-
ring methods’ ability to accurately estimate the blur kernel,
reaffirming the conclusions from the quantitative assessment
conducted on synthetic text images.

From a perceptual standpoint, our proposed method
demonstrates outcomes that are analogous to those presented
in (Chen et al. 2020) in the first text example. It is notewor-
thy that both of these two methods exhibit enhanced perfor-
mance in comparison to alternative approaches. However,
our proposed method engenders visually discernible dispar-
ities in comparison to the outcomes obtained from (Chen
et al. 2020), as exemplified in the second example, which
pertains to scenarios featuring a lower proportion of outliers.
We analysis that the observed disparities in outcomes can be
attributed to the design focus of (Chen et al. 2020), which is
better suited for scenarios characterized by a relatively high
proportion of outliers and natural images. In the context of
text images, our proposed method emerges as more robust
than the approach presented in (Chen et al. 2020).

In the realm of both quantitative and visual evaluation, it
becomes apparent that conventional text image deblurring
algorithms exhibit a heightened sensitivity to image noise.
This susceptibility arises from the underlying framework’s
lack of emphasis on noise handling considerations. Con-
versely, noise handling approaches dedicate their algorith-
mic designs to the domain of natural images and outliers
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removal. This design choice results in a degree of instability
in their performance when applied to the realm of blurry text
images characterized by a low proportion of outliers.

Analysis of the Proposed Algorithm

Our proposed estimation algorithm combines the Alternat-
ing Direction Method of Multipliers strategy with the Half-
Quadratic Splitting minimization approach, primarily em-
ploying an alternately optimized procedure.

The convergence rate of our proposed methodology is as-
sessed through the examination of 120 blurred noisy text im-
ages. The trajectory about the average energy of the objec-
tive function in (2) and the average PNSR value over itera-
tions are depicted in Figure 3(a) and (b), respectively, mani-
festing a consistent decline and rise until convergence. Both
Figure 3(a) and (b) provide empirical evidence of the con-
vergence behavior exhibited by the proposed algorithm.

During the process of latent image and kernel estimation,
the data fidelity term in (12) and (13) can be formulated
based on either image intensity or gradient level. We sys-
tematically assess the efficacy of various combinations in-
volving intensity and gradient applied in (12) and (13). The
comparative evaluation is visually represented through Fig-
ure 3(c) and (d) with respect to the energy value in (2) and
kernel similarity. It is evident from the figures that all com-
binations exhibit convergence, yet the configuration employ-



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

(a) Input

(b) (Pan et al. 2016a)

(h) (Pan et al. 2016a)

(g) Input

() (Li et al. 2023)

(j) (Zhong et al. 2013) (k) (Chen et al. 2020)

TYPOGCRAPRICAL MR,

TYPOGRAPHICAL ART. . TYPOGRAPHICAL ART.

We wish it to be di

(f) Ours

(1) Ours

Figure 2: Visual Evaluation on Representative Text Blurry Images. The first example features an outlier proportion of 50%,

whereas the second example involves a proportion of 10%.
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Figure 3: Convergence analysis. (a) and (b) depict the con-
vergence analysis of the proposed algorithm concerning the
average energy of the objective function in (2) and the PSNR
value, respectively. In (c) and (d), we assess various combi-
nations of intensity and gradient formulations in (12) and
(13), illustrating their impact on the average value of the en-
ergy function in (2) and the kernel similarity. Here, “T” and
“G” represent “Intensity” and “Gradient”, respectively.

ing image intensity for the data fidelity term in equation (12)
and image gradient for the corresponding term in equation
(13) outperforms the alternative configurations.

Furthermore, the proposed model employs three key pa-
rameters: yr, Vi, and o. To examine their impacts, we con-
ducted experiments with varied settings while maintaining
kernel similarity. 7, was ranged from 10~° to 0.01, v from
0.02 to 5, and o from O to 2. The results in Figure 4 demon-
strate the robust performance of our algorithm across a broad
parameter range in terms of vz, Yk, and o.
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Figure 4: Sensitivity analysis of v, (magnified by a factor
of 100), vk, o for proposed algorithm with respect to the
kernel similarity metric.

Conclusion

In this paper, we have introduced a novel framework aimed
at addressing the challenge of noisy text image deblurring.
This innovative approach incorporates the concept of the
maximum consensus framework, effectively distinguishing
inliers from outliers by optimizing a pertinent quality metric,
such as the inlier count. Additionally, we have seamlessly
integrated the Alternating Direction Method of Multipliers
(ADMM) and the Half-Quadratic Splitting (HQS) method
to tackle the computationally demanding nature of the ¢
norm. This pioneering strategy has yielded notable enhance-
ments in the deblurring performance of text images afflicted
by the presence of synthetic noise. Our proposed approach
has been rigorously assessed through comprehensive exper-
imental evaluations on noisy text blurry images. The empir-
ical results consistently underscore the superior efficacy of
our proposed method in the domain of noisy text image de-
blurring, surpassing the performance of existing methodolo-
gies. In future research, we intend to extend our algorithm’s
scope to encompass saturated images, natural scenes, and
the challenges of non-uniform deblurring.
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