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In this paper, we present an iterative improvement of
the guided image filter for flash/no-flash photography. The
guided filter B] utilizes a guide image to enhance a cor-
rupted input image as similarly done in the joint bilateral
filter [3, 12]. The guided filter has proved to be effective for
such applications as high dynamic range compression, im- Flash
age matting, haze removal, and flash/no-flash denoising etc [Eiggs
In this paper, we analyze the spectral behavior of the guided
filter kernel in matrix formulation and introduce a novel
iterative application of the guided filtering which signifi-
cantly improves it. Iterations of the proposed method con- jmss
sist of a combination of diffusion and residual iteratioki¢e ‘ :
demonstrate that the proposed approach outperforms stateFigure 1. Flash/no-flash pairs. No-flash image can be noisy or
of the art methods in both flash/no-flash image denoisingPlurry.
and deblurring.

both near-infrared and near-ultraviolet illumination fow
light image enhancement. Their so-called “dark flash” pro-
vides high-frequency detail in a less intrusive way than a
visible flash does even though it results in incomplete color
Recently, several techniquekd 3, 1, 21] to enhance the information. All these methods ignored any blur, by ei-
quality of flash/no-flash image pairs have been proposed.ther depending on a tripod setting or choosing sufficiently
The no-flash image tends to have a relatively low signal- fast shutter speed. However, in practice, the captured im-
to-noise ratio (SNR) while containing the natural ambient a@ges under low-light conditions using a hand-held camera
lighting of the scene. The key idea of flash/no-flash pho- often suffer from motion blur caused by camera shake.
tography is to create a new image that is closest to the lookMore recently, Zhuo et al2[l] proposed a flash deblurring
of the real scene by having detail from the flash image andmethod that recovers a sharp image by combining a blurry
the ambient illumination of the no-flash image. Eisemann image and a corresponding flash image. They integrated a
and Durand 3] used (joint) bilateral filtering 17] to give so-called flash gradient into a maximum-a-posteriori frame
the flash image the ambient tones from the no-flash image Work and solved the optimization problem by alternating
On the other hand, Petschnigg et aP][focused on reduc- between blur kernel estimation and sharp image reconstruc-
ing noise in the no-flash image and transferring details from tion.  This method outperformed many state of the art sin-
the flash image to the no-flash image by applying joint (or 9le image deblurringl4, 4, 20] and color transfer meth-
cross) bilateral filtering. Agrawal et all][tried to remove ~ ©0ds [L5]. However, the final output of this method is not
flash artifacts, but did not test their method on no-flash im- entirely free of artifacts because the model only deals with
ages containing severe noise. As opposed to a visible flast® spatially invariant motion blur.
used in B, 12, 1], recently Krishnan and Fergu&]] used Others have used multiple pictures of a scene taken at
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Figure 2. Overview of our algorithms for flash/no-flash erdeament.
different exposures to generate high dynamic range images.
This is called multi-exposure image fusidj {vhich shares R R R
some similarity with our problem in that it seeks a new im- X = Y +17(Z-2). (1)
age that is of better quality than any of the input images. base detail

However, flash/no-flash photography is generally more dif-
ficult since that there are only a pair of images. It is still Here,Y might be noisy or blurry (possibly both), aidis
a challenging open problem to enhance a low SNR no-flashan estimated version df, enhanced with the help of the
image with a spatially variant motion blur only with the help  flash image. Z represents a nonlinear, (low-pass) filtered
of a single flash image. version ofZ so thatZ — Z can provide details. Note that

In this paper, we propose a unified iterative framework 7 is a small constant that strikes a balance between the two
that deals with both denoising and deblurring. Before we parts. In order to estimate andZ, we employ local linear
begin a more detailed description, we highlight some novel minimum mean square error (LMMSE) predictbrshich
aspects of the proposed framework. generalize the idea ajuided filteringas proposed ing].

) ) o ) More specifically, we assumed thatandZ are linear func-
e As opposed to3, 12] which relied on the (joint) bilat- tions of Z in a windoww;, centered at the pixe:
eral filter, our approach adopts the guided fil@rthat

has proved to be superior. Ui=az+b, Zi=cz+d, VYieuw, 2

e We improve the performance of the guided filter by an- \yhere;, 2, 2; are samples of , Z, Z respectively at pixel
alyzing its spectral behavior and applying it iteratively. ; gnq @, b, c, d) are coefficients assumed to be constant in
wy (a square window of size x p). Once we estimate

e We show that iterative application of the guided fil- a.b, ¢, d, equation ) can be rewritten as:

ter corresponds to a combination of two iterative pro-
cesses applied to the two given images: a nonlinear X = v+ (7 - 2) —aZ b+ 1d —1cd —1d
anisotropic diffusion to the no-flash image and a non- 3 ’

linear residual itteratoin applied to the flash image. )Z+b—T1d=aZ+p. (3)

= (a—71(c—

e While [3, 12, 1, 21, 11] demonstrated their results on ~_In fact, ff is a linear function ofZ. While it is not pos-
either noise or blur case, we show that our method pro- Sible to estimatev and 3 directly from this linear model
duces a high-quality output in both cases, and outper-(since they in turn depend ak), the coefficientsy, 5 can

forms state of the art methods. be expressed in terms af b, ¢, d which are optimally es-
timated from two different local linear models shown in
2. Overview of the Proposed Approach equation 2). Naturally, the simple linear model has its lim-

itations in capturing complex behavior. Hence, by initiali

We address the problem of generating a high quality im- ing X, = Y, we propose an iterative approach to boost its
age from two captured images: a flash imagg&nd a no- performance as follows:
flashimageY’) (See Fidl.) The task at hand is to generate a
new image {) that contains the ambient lighting of the no- X, = G()?n_l, +1 (2 -G(Z,2))
flash imageY’) and preserves the details of the flash-image _ G By
(Z). As in [12], the new imageX can be decomposed into = G, 2) 472 = 2) = anZ + B, (4)
two layers; a base layer and a detail layer: IMore detail is provided in Sectiof
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Figure 3. Examples of guided filter kernel weights in foufefiént
patches. The kernel weights represent underlying strestuwell.

whereG(-) is LMMSE (guided filtering), andy,, 3,,, and

7, evolve with the iteration number. A block-diagram of LR i— 300 400 50 600 700
our approach is shown in Fig. The proposed method ef-
fectively removes noise and deals well with spatially vatria Fi AE les W and it _ ich of si28 % 25

motion blur without the need to estimate any blur kernel or lgure 2. Examples O and Its pOWers In a patch of 125 x 2o.
to accurately register flash/no-flash image pairs when thereThe largest eigenvalue 8 is one and the rank G asymptoti-
. y_ cally becomes one. This figure is better viewed in color.
is a modest displacement between them.

In Section3, we outline the guided filter and study its

uy
statistical properties. We describe how we actually eséma = f —: =
the linear model coefficients, 3, and we provide an in- e L
terpretation of the proposed iterative framework in matrix Figure 5. Examples of the®" left eigenvectom in three patches.

form in Sectiord. In Sect.lonS, we demor_lstrate the perfor- The vector was reshaped into an image for illustration psepo
mance of the system with some experimental results, and
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finally we conclude the paper in Sectién var(Z)i ~ 15 Lye., 21 —E1Z]%. Note that;; are normalized
weights, that isy~, ; wi;(2) = 1. Fig. 3 shows examples of
3. The Guided Filter and Its Properties guided filter weights in four different areas. We can see

) ) ~ that the guided filter kernel weights neatly capture under-
~ Several recent space-variant, nonparametric denoisingying geometric structures as do other data-adaptive kerne
filters such as the bilateral filted 7], non-local means fil- weights [L7, 2, 16].
ter [2], and locally adaptive regression kernel filtefs[ Next, we study some fundamental properties of the

have been proposed for denoising, where the kernels are diyiged filter kernel in matrix form. We adopt a convenient
rectly computed from the noisy image. However, the guided yector form of equations) as follows:

filter can be distinguished from these in the sense that the

filter kernel weights are computed from a (second) “guide” U = WJTy, (7)

image which is presumably cleaner. The idea is to apply fil-

ter kernels¥;; computed from the guide image (e.g. flash) wherey is a column vector comprised of the pixels¥h
7 to the more noisy image (e.g. no-flash) Specifi- andij =[W(1,5),W(2,j), - ,W(N,j)] is a vector of
cally, the filter output samplg at a pixeli is computed asa  weights for each. Note thatV is the dimension of (N >

weighted average: p). Writing the above at once for gllwe have,
U=y Wi;(Z)y;. (5) wi
J y = | =Wy, (©)
Cross (or joint) bilateral filter3, 12] is another related ex- Wi
ample of this type of filtering. The guided filter kernel can ) . . .
be explicitly expressed as: wherez is a vector comprised of the pixels ;iandW is

only a function ofz. The filter output can be analyzed as
Wi (Z) = |L2 Z (1+ (zi — E|Z)x)(2; — E[Z]k) ), (6) th_e prpduct_of a matrix of weigh®v with the vector of the
w var(Z), + € given input imagey.
The matrix W is symmetric positive definite and the
where |w| is the total number of pixel§= p?) in wy, € sum of each row ofW is equal to oneWily = 1y)
is a global smoothing parametenz], ~ ; ©,c.,, =, and by definition. All eigenvalues\; (i = 1,---,N) of W

k:(i,j)Ewy
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Figure 6. The guided filter kernel matrW captures the underly- “ 5 oy,
ing data structure, but powers W provides even better structure . ——
by generating larger (but more sophisticated) kernel shapds . — i e
a (center) row vector oW. w was reshaped into an image for : D preddtons |2 @0) 7 Bi=datd
illustration purposes.
pixel of interest o =D (asbs)
in a patch of size5 x 25 are real, and the largest eigen- e xi
I — I 1 I - w:3x3 (p=3)

value is exactly oneX; = 1), with qorrgspondmg_elgen e oy o
vectorv,; = (1/v/N)1y as shown in Fig4. Intuitively,

this means that filtering bV will leave a constant signal Figure 7. LMMSE:dx, by are estimated from 9 different windows

(ie.a “fIaF” |mage) unc_har_lged. In fact, with the rest of its wr and averaged coefficientsb are used to predig;. This figure
spectrum inside the unit disk, powers W converge to a g petter viewed in color.

matrix of rank one, with identical rows which (still) sum to of MSE(ax, by) with respect taas, by and partial deriva-

one: tives of MSE(¢y, di) with respect ta, dy. respectively to
Jim W™ = 1yuf. 9) zero, the solutions to minimum MSE prediction 0f are

So the dominant left eigenvectay summarizes the asymp- a,= El2Y] - EIZIE)Y] _[ cov(Z,Y)

totic effect of applying the filteAV many times. Fig5 E[Z?| - E*[Z]+ e |var(Z)+e]’

shows what a typicail1; looks like. The vector was re- be=E[Y] — 6 B[Z] =E[Y]— { cov(Z,Y) } BZ]

shaped into an image for illustration purposes. Bighows var(Z) + e ’

examples of a (center) row vector{) from W's powers ~ E[Z°] — E*[Z] [ var(2)

in the same patch as Fig. We can see that powers ¥ CTEZ -2t e |var(Z) +e2 |’

provide even better structure by generating larger (buemor . R var(Z)
sophisticated) kernels. This insight reveals that apglyw dr=E[Z] - c.E[Z] :E[Z]_{m} Elz], (11)
multiple times can possibly improve performance, which
leads us to the iterative use of the guided filter. This ap-
proach will produce the evolving coefficients, 5, intro-  Z1ZY1~ g Ziew, 2w BIZ° 1~ 5 iy, 2

duced in ). In the following section, we describe how we Note that the use of different, results in different pre-

actually compute these coefficients based on mean squargictions of these coefficients. For instance, consider a cas
error (MSE) predictions where we predici; using observed values &f in w; of

size3 x 3 as shown in Fig7. There are 9 possible windows
4. lterative Local LMMSE Predictors Fhat involve the pixel qf mterest_ Tberefore_, we must take
into account all 9, b’'s to predicty;. The simple strategy
The coefficientday,, by, iz, dj; in equatpn B)arechosen taken by He at al.g] is to average them as follows:
so that “on average” the estimated valdes close to the

where we compute(z] ~ L 3, = EIY] & & Zic, vis

observed value of (=y;) in wg, and the estimated value ~ 1 ~ o~ 1 ~
. : : . = — b=—") b 12
is close to the observed values{(=z;) in wy. To determine ¢ |w] ; ak’ |w] 1; g (12)
these coefficients, we adopt a regularized (stabilized) MSE
criterion in the windoww, as our measure of closeness: As such, the resulting prediction of givenZz = z; is
_ _ 12 2 R |eo] ~
MSE(ay, b) = ElY —axZ bk)Q] i L G = an+b=— (@ +be),
MSE(cx,dr) = E[(Z — ciZ — di)?] + eaci, (10) |w| &=
o]
wheree; ande, are small constants that prevent estimated % = Cu+d= S S (@i + dr). (13)
ax, cx. from being too largé By setting partial derivatives lw| &=

2Note thatk is used to clarify that the coefficients are estimated for the The idea of using these averaged Coef‘ficie’h&is anal-
window wy,. ogous to the simplest form of aggregating multiple local

3 The effect of the regularization parametegsande is quite the op- estimates from overlapped patches in imaae denoising and
posite in each case in the sense that the highes, the more detail through pped p g 9

%, — »; can be obtained: whereas the lowerensures that the image con- ~ SUper-resolution literaturel B]. The aggregation helps the
tentinY is not over-smoothed. filter output look locally smooth and contain fewer artifact



These local linear models work well when the window
sizep is small and the underlying data has a simple pat-

tern. However, these models are too simple to deal effec-

convertimagesZ andY from RGB color space to YCbCr,
and perform iterative filtering separately in each resgltin
channel. The final result is converted back to RGB space

tively with more complicated structures, and thus there is afor display. Note that all figures in this section are better
need to use larger window sizes. As we alluded to earlier in viewed in color.

(4), the estimation of these linear coefficients in an itemtiv
fashion can handle significantly more complex behavior of
the image content as follows:

(@n — T (= 1))Z + by, — Tnd,
anZ + B,

X,

(14)

wheren is the iteration number and, > 0 is set to be
a monotonically decaying functiérof » so thaty > | 7,
converges. This iteration is closely relateddifusionand
residual iterationwhich are two fundamental smoothing
methods which we briefly describe below.

Recall that equationld) can also be written in matrix
form as done in Sectio&

X, (15)

WX,_1 +7, (z — Wy z),
——— ———

base layer detail layer

whereW and W, are guided filter kernel matrices con-
structed from the guided filter kernel® and W, respec-
tively. The difference betweeW and W, lies in one pa-
rameter ¢, of W, > €; of ). Explicitly writing the itera-
tions, we observe:

Xo=Yy
X1 = Wy + 71(z — Wyz),
X2 = WX1 + 12(z — Wyz),
=W?y + (nW + 1) (z — Waz),

Rn = WXyt + Tn(z — Waz),
W'y + (mW" 4 W2 D) (2 — Waz),

= W"y + P, (W)(z — Wyz), (16)
—_ —

diffusion residual iteration

whereP, is a polynomial function oW, andI is an Iden-
tity matrix. The first termW™y in equation 16) is an
anisotropicdiffusionprocess that enhances SNR. The sec-
ond term is theesidual iteration[18]. The key idea behind
this iteration is to filter the residua¥(— 7) to extract detail.

By combiningdiffusionandresidual iteration we achieve

an image between the flash imagand the no-flash image
y, but of better quality than both.

5. Experimental Results

In this section, we apply the proposed approach to

flash/no-flash image pairs for denoising and deblurring. We

4We user, = 712 for the all experiments.

5.1. Flash/No-flash Denoising
5.1.1 Visible Flash 2]

We show experimental results on two flash/no-flash image
pairs. We compare our results with the method based on
joint bilateral filter [L2] in Fig. 8. Our proposed method
effectively denoised the no-flash image while transferring
the fine detail of the flash image and maintaining the am-
bient lighting of the no-flash image. We point out that the
proposed iterative application of the guided filtering gted
much better results than one time iteration of either thet joi
bilateral filtering [L2] or the guided filter §].

5.1.2 Dark Flash [L]]

Here, we use théark flashapproach of 11]. Let us call

the dark flash imageZ. Dark flash may introduce shad-
ows and specularities in images, which affect the results of
both the denoising and detail transfer. We detect those re-
gions using the same methods proposed1g.[Shadows
are detected by finding the regions where— Y| is small

and specularities are found by detecting saturated pirels i
7. After combining the shadow and specularities mask, we
blur it using a Gaussian filter to feather the boundaries. By
using the resulting mask, the outpkit, at each iteration is
alpha-blended with a (nonlinear) low-pass filter version of
Y as similarly done in12, 11]. In order to realize ambient
lighting conditions, we applied the same mapping function
to the final output as inl1]. Fig. 9 shows that our results
yield better detail with less color artifacts.

5.2. Flash/No-flash Deblurring

Motion blur due to camera shake is an annoying yet
common problem in low-light photography. Our proposed
method can also be applied to flash/no-flash deblurring. We
show experimental results on two flash/no-flash image pairs
where no-flash images suffer from mild noise and strong
motion blur. We compare our method with Zhuo et af][

As shown in Fig10, our method outperform®[], obtain-

ing much finer details with better color contrast even though
our method does not estimate a blur kernel at all. The results
of [2]] tend to be somewhat blurry and distort the ambient
lighting of the real scene.

6. Conclusion and Future Work

We analyzed the spectral behavior of the guided filter
kernel using a matrix formulation and improved its perfor-
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