Cross-Field Joint Image Restoration via Scale Map
Supplementary File

Qiong Yarf  Xiaoyong Shefh  Li Xu*  Shaojie Zhud
Xiaopeng Zhang Liang She#  Jiaya Jia

*The Chinese University of Hong Kong YQualcomm Incorporated
http://www.cse.cuhk.edu.hk/leojia/projects/crossfie Id

1. Numerical Solution

Here we explain all details on how to solve the problem we pseg in the paper in Section 3. We rewrite the original
energy function de ned in Eq. (14) in the paper as

E(s;1)= Ea(s;1)+ E2(1)+ E 5(r s): 1)

With the approximation described in the paper thad) (x) x2,the rsttwo terms can be approximated as
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They can be written in vector forms respectively as

Ei(s1)=(s PxCl)TA(s PxCxl)+(s PyC,)TAy(s PyCyl); (4)
E2()=(1 10)"B( lo); (5)
wheres, | andl, are vector representationssfl andlo. C, andC, are discrete backward difference matrices that are used

to compute image gradients in tke andy- directions.Py, Py, Ax, Ay andB are diagonal matrices, whoseh diagonal
elements are de ned as

(P)i = pix; (Ax)i = (si pixr xli);

(Pyi = piy: (Ayi = (si Piyryhi);
Bi = (li o)



The last term in Eq. (1) is regularization enlts de nition is

X
Ea(r s)= pa(Vial S)2+ a(vior )2 (6)

Considering one single term inside the summation, follgae nitions in the paper, we get
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To simplify notation, letvix = r yGi5r Gjj andviy = r yGi5r Gij. It makesvi1 = (Viyx;Viy )T andvi, =
(Viy 7 Vix )T. Now we expand the terfs(r s;) as
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With diagonal matrices, 1, 2, Vx andVy are with main-diagonal elements
( Di = i1 (Wi =1 xGi=max(r Gij;");
(2 = i20 ()i = r yGi=max(jr Gij;");
where" is introduced to avoid division by zero. The regularizatierm can be rewritten in a vector form as
Ea(9=(Cx9T( 17+ 2VA(Ck)+(Cy9 ( 2V + 1Ty +2(Cy9T( 1 2%V (Cx9):  (9)
Let
L=Cl( W+ 2W)C+ CJ( 2V + 1V)Cy+2C) (1 2)WWCy: (10)
The nal term is expressed as
Es(s) = s'Ls (11)
Finally, the overall energy function is
E(sl)=(s PxCx)TAx(s PxCxl)+(s P,C/1)TA,(s P,Cyl)
+ (I 19)"B(U lg)+ s'Ls (12)

In this function,A; andA, depends oh ands; B depends oh only. To solve it, we adopt a two-step iterative solver,yull
described in the paper in section 3.1.

2. More Results

As discussed in our paper, images captured in differents &lan have large variation in gradient magnitudes and direc-
tions. Directly applying joint ltering for image restoriain could blur structures that are weak in their clean coyaiet.
In the meantime, strong edges caused by highlight/shaddieimguidance will also be introduced to the output, making
the result implausible. A result of using the guided lItegifb] is shown in Fig. 1(b). Another way to utilize ltering i®
transfer details of the clean image to the noisy one. In pihtjbilateral Iters are used to denoise and separate thailde
layer. We show a result via transferring detail layer usimg tnethod in Fig. 1(c). This method nds similar problems as
guided ltering, and additionally results in blurred edgelsere gradient direction reverts in the two inputs. Our rodilby



handling all these discrepancies in the scale syapable to restore a sharp and clean image as shown in Fig.Arfdther
example with ash/non- ash image pairs is shown in Fig. 2lwitomparison to the result of [7].

Fig. 3 shows the whole-image inputs and results, correspgnd the close-ups in Fig. 8 in the paper. Our method only
needs the IR image guidance, and the result is comparaliiatof[6], which are produced with both UV (ultraviolet) and
IR guidance images. Our edges and details are very clear.

In Fig. 4, we show the whole-image inputs and results witlselaps already presented in Figs. 6 and 7 in our paper.
It is for comparison to the state-of-the-art BM3D singleape denoising method [1], and the detail-transfer apprf@ich
utilizing the WLS lter [2]. The two input images are respiety RGB and NIR images taken from the same location. Our
result contains many readable small characters and comtgdicexture. One more result produced by our method is shown
in Fig. 5.

In Fig. 6, we show the result by applying our guided restorathethod to haze removal, which is an important application
and unfortunately still suffers from signi cant noise anBEG visual artifacts after haze suppression. These noide an
compression artifacts are caused by strong contrast eahvmt in local regions, which originally in the hazed image a
almost visually unnoticeable. Our method greatly imprabhesresult quality after restoring the dehazed image wighNIR
image guidance.

Besides the ash/non- ash and RGB/NIR image settings tllated in previous examples, our method is also applicable
to other cross- eld restoration problems. For example,gasmcaptured at night are usually dark with many structueesgb
eliminated. An example is shown in Fig. 7(a). Brighteningyitincreasing color contrast in PhotoShop improves the énag
and in the meantime boosts image noise, as shown in (c). Wefeesence day image as described in [8], our method is able
to remove the annoying noise with high-quality edge prest@m. The output (d) contains nearly all ne details andpge
as well, strong and clean structures with the day image nméion.

Additionally, depth images from Kinect or other realtimettecapture devices contain strong noise caused by missing o
erroneous data for many pixels. We similarly apply our negton method with the corresponding RGB visible images as
guidance to raw depth maps and produce much improved reaslshown in Fig. 8.
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(a) Flash/Non- ash Images (b) Result of [4]

(c) Result of [7] (d) Our Result

.

(e) Close-ups
Figure 1. Flash/non- ash restoration. The input imagesr@sdit of [7] are obtained from the original paper.



(a) Non- ash Image (b) Flash Image

(c) Result of [7] (d) Our Result

(e) Close-ups
Figure 2. Flash/non- ash restoration. The input imagesrasdlt of [7] are obtained from the original paper.



(a) Noisy Image (b) NIR Image

(c) Result of [6] (d) Our Result

(e) Close-ups
Figure 3. RGB/ ashed-NIR restoration. The input images aggllt of [6] are obtained from the original paper. Note thsutt of [6] is
outputed from two guidance images while ours is with only Bhémage as guidance.



(a) Noisy Image (b) NIR Image

(c) BM3D [1] (d) Result of [9]

(e) Our Result (f) Our scale map

(g) Close-ups of (c)-(f)
Figure 4. RGB/ ashed-NIR restoration. Results of differemethods are compared.



(a) Noisy Image (b) NIR Image

(c) Result of [9] (d) Our Result

(e) Close-ups
Figure 5. One more RGB/ ashed-NIR restoration example wéult comparison.



(a) Haze Image in [3] (b) NIR Image

(c) Result of [5] (d) Our Result from (b) and (c)

(e) Close-ups
Figure 6. Guided image restoration from haze images. Natenethod takes the input of the dehazed image and the NIR igeedanage
shown in (c) and (b) to improve the result quality.



(a) Night Image from [8] (b) Day Image from [8]

(c) Enhanced Night Image (d) Our Result from (b) and (c)

(e) Close-ups
Figure 7. Image restoration from day and night images. Ouhatktakes the input of the day and enhanced night images an¢b(c) to
suppress noise and other visual artifacts.

(a) Raw Depth Map (b) RGB Image (c) Result by [4] (d) Our Result
Figure 8. Depth map restoration with RGB image as guidanoeagared with [4], our method completely removes the baakggmoise
and does not blur edges.



