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Abstract Multispectral images record detailed color spec-

tra at each image pixel. To display a multispectral image on ] — - (g
conventional output devices, a chromaticity mapping func- Bl Fixed Ch"’“‘a“(j)y Mapping RGB Image
tion is needed to map the spectral vector of each pixel to the

displayable three dimensional color space. In this paper, w AA

present an interactive method for locally adjusting theehr \U:U Y | ctromatiiy mapping | |1
maticity mapping of a multispectral image. The user spec- Scene MSI (p) RGB Image

ifies edits to the chromaticity mapping via a sparse set Ofiig. 1 Chromaticity mapping. (a) Conventional color imaging with
strokes at selected image locations and wavelengths, th&Red chromaticity mapping determined by color filters. (bylkspec-
our method automatically propagates the edits to the rest ¢fal imaging with chromaticity mapping that can be speciffbt-
the multispectral image. The key idea of our approach is t§aPture by the user.

factorize the multispectral image into a component that in-

dicates spatial coherence between different pixels, aed orl Introduction

that describes spectral coherence between different wave-

lengths. Based on this factorized tati -st .
enhgihs. Based on tis factorize represenalon,atmms_ In this age of digital imagery, photographers seek ever more

algorithm is developed to efficiently propagate the edits in . ] .

. . gawerful tools for manipulating scene appearance ategut

the spatial and spectral domains separately. The present . L

. . - such as color, contrast and depth of field within a captured

method provides photographers with efficient control over - . o
hoto. The ability to perform such edits, however, is lidite

color appearance and scene details in a manner not possible . . )
. ) ) L y the scene information that can be extracted from the im-
with conventional color image editing. We demonstrate the : }
. . Iy S . .. _age. For the case of scene radiance spectra, a conventional
use of interactive chromaticity mapping in the application

o digital camera uses three color filters, each with a fixed-spec
s of color stylization to emulate the appearance of photo:

S : . . tral sensitivity function, to project the original scenesfra
graphic films, enhancement of image details, and manipula-.
tion of different light transport effects. simply to .3D vec'Fors of. red, green and blue color compo-
nents. This low-dimensional model of scene spectra gener-
ally lacks much of the original color content and associated
surface details. To address this issue, multispectraliimgag
methods have been developed for recording dense samples
Jiaping Wang of th_e color spectrum t_';\t image pixels. The ric_h spectral con-
Microsoft Corporation tentin a multispectral image (MSI) enables high accuracy in
E-mail: japw@microsoft.com color reproduction and stylization, the ability to revealv

ious surface details, and greater discrimination of pixél c
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ors in comparison to conventional RGB images (as shown
in Figure 2(a)(b)).

To display a multispectral image on conventional output de-
vices, the scene spectrum of each pixel needs to be projected
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to RGB values. This projection, which we refer todwso-  agation scheme, the edits are first propagated spatiadly, th
maticity mapping, is physically applied in a conventional spectrally, to efficiently obtain the spatially varying ohr
digital camera during the imaging process by its fixed specmaticity mapping. Figure 2(d) illustrates the resulting RG
tral sensitivity functions, as illustrated in Figure 1(jitha  image of an MSI constructed with the chromaticity mapping
multispectral image, the chromaticity mapping of each pix{function edited by our method.

el can be specified and fine-tuned post-capture according to

desired color characteristics of the final image, as shown isr? mam te<.:hn|cal (r:]or(;trlbl:jtlohns of our metzgd are the M
Figure 1(b). For full control over color reproduction of the actorization method and the two-step edit propagation

scene or to flexibly tailor images for artistic purposes,a USSCheme for manipulating the chromaticity mapping. By de-

er needs to be able to specify different chromaticity mappomposmg the MSl into a spatial coherence component and

ping functions for different pixels. However, manipulagin a spectral coherence component, the factorization method

the chromaticity mapping for multispectral images is a non-_nOt only preserves the spatial and spectral coherence of the

trivial task. On one hand, the editing should allow the user t input MSI in chromaticity mapping edit, but also provides

freely and efficiently manipulate the chromaticity mappingan I'?tu't've way f(r)]r USers to sele(;t d|fferentsp§1t|all armlcspl.
in both spatial and spectral domains. On the other hand, tHER ealtures. on the sparse set of representative imagesslic
nd edit their chromaticity mapping. Based on the MSI fac-

intrinsic coherence of data samples in both domains shouf@"? €c h . h h
be maintained during editing (i.e., if the spectra of two-pix torization, the two-step propagation scheme propagages t

els or the image intensities in two wavelengths are highl)}JS‘(;er Ed'ttr']n the twci c;_omploner;t_s szptarately. Ttr."S nkc))ttor;ly
correlated, then these correlations should be maintained) reduces the computational costin edit propagation, bot als
allows us to apply traditional image edit propagation meth-

A naive solution is to apply traditional RGB image or ap- 0ds in each step.
pearance editing methods [2,22,30] for editing of chroaaati We demonstrate various manipulations of color and image

ity mapping, based on L2 distances of spectral vectors acietails that are possible with interactive feedback bygisin

pixels to propagate user edits at sparse pixels over the Whis technique. The application of color stylization issing

hole image. Unfortunately, none of these methods suppplrrt] which an MSl is transformed into an RGB image with the

editing in the spectral domain. Another possible solut®n i - . . .
. color characteristics of a desired photographic imagimg pr
to regard the spectrum samples at different wavelengths as . : ;
. . .cess. We also apply our technigue to enhance various image
a stack of monochrome images and then apply video edit- . L .
. . : components, including light transport, scattering efeand
ing methods [15, 29] for this task. However, different from . : .
. . ) ... surface details. In comparison to conventional softwaoe to
video data where the appearance distance of pixels at-differ . . . .
o ! . s for picture editing, our method provides users with much
ent time instances can be defined by color differences, the o . . .
: . greater versatility in manipulating and enhancing photo ap
L2 distance of samples at different wavelengths cannot p=
: ) . dpearance.
reserve coherence in the spectral domain and result in edit

artifacts (shown in Figure 2(c)).

In th|s paper, we prggent an |r_1teract|ve method fo_r manlpé Related works

ulating the chromaticity mapping of multispectral images.

The key idea of our approach is to represent the image at

each wavelength, which we refer to as iamge dice, as  Multispectral Imaging In recent years, multispectral im-

a linear combination of image slices at a sparse set of re@ges have been the focus of increasing research. Several
resentative wavelengths. The image slices of represeatatiworks have been presented on MSI acquisition [7,8,11,17,
wavelengths exhibit the different spatial details and tieesrd 18, 20, 23, 24, 31], analysis [5] and applications in various
coherence between pixels, while linear combination waighttasks. In applications, the additional color informatioran

for reconstructing other image slices from these reprasentMSI has led to improvements in image relighting [20], seg-
tive slices reveal the spectral coherence between image sientation [8] and tracking [3]. To display an MSI on a con-
lices of different wavelength. With this decomposition of ventional display device, the spectrum of each pixel need-
an MSI into a spatial coherence component and a spectralto be mapped to RGB values. The rich spectral data in
coherence component, our method allows users to edit then MSI allows great flexibility in producing an RGB image
chromaticity mapping with sparse user inputs and then progay defining and fine-tuning the chromaticity mapping func-
agates the edit throughout the MSI in the two domains sepdions. However, to our knowledge, previous works have not
rately. To this end, the users specify sparse input strokes addressed this issue. In this paper, we provide the user an
image slices at different representative wavelengthsdo in intuitive tool for chromaticity mapping of MSls to generate
cate spatial and spectral regions that they want to emph&GB images that are more artistic or informative than im-
size or de-emphasize in the result. Then in a two-step progges obtained with a conventional RGB camera.
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Fig. 3 Pipeline of chromaticity mapping edits. After loading th&M, it is factorized into representative slid®snd a spectral weight matrfx
Then the user constraints specified on the representaites sire propagated to the entire MSI. Finally, a spatialymg chromaticity mapping
function is generated to produce the final RGB image.

enhancement that aims to reveal such details in captured
images. A survey of recent methods can be found in [10].
While these techniques can emphasize the appearance of
surface details that exist in an image, details that do rpt re
ister at the sensor cannot be enhanced in this way. In the
imaging device of [17], specific wavelengths may be select-
ed to recover particular surface details. These wavelength
settings must be chosen at the time of image capture, and
cannot be adjusted afterwards in an image editing process.

Edit Propagation Various edit propagation techniques have
been proposed to efficiently propagate sparse user edits to
otherimage regions of similar appearance in image coleriza
tion [14], tone mapping [16] and material editing [22, 30].
Farbman et al. [9] presented a new distance metric for com-
Fig. 2 Chromaticity mapping edits for multispectral images. (§8R  puting the affinity between two image pixels. An et al. [2]
image of an MSI generated by the default chromaticity mapph)  accelerated the distance computation from sparsely sa@mple

Multispectral image values at 436nm wavelength. Note thattéext ; ; : ;
on the paper is invisible in the RGB image but clearly exkitifn pixel pairs with the Nystrom method. All of these techniques

this image. The black and white strokes are user input fdingrthe ~ Propagate the ?dit spatially. !t .iS not Cle_ar hOW to appl)srhe.
chromaticity mapping function. (c) The resulting RGB imagfethe ~ methods to edit the chromaticity mapping in both the spatial

MSI with the chromaticity mapping function edited by the @ in  and spectral domain. Recently, Xu et al. [29] used a K-D tree

[15]. (d) The resulting RGB image of the MSI constructed wtitle - :
chromaticity mapping function edited by our method. The saet of of appearance values to accelerate the affinity computation

user-specified strokes shown in (b) are used in both mettmdsdit ~ and edit propagation, and applied this technique for video
propagation. editing. Li et al. [15] further accelerated the edit propéma

with an interpolation scheme. However, these methods can-
not be directly applied for editing chromaticity mapping of
Color Reproduction and Simulation The color character- multispectral images because the sample values at differen
istics of an image may be altered to match a desired spegvavelengths cannot be directly compared. By contrast, our
tral sensitivity. Photoshop plug-ins such as Exposuredhall technique factorizes the MSI image and defines the affinity
users to give digital photographs the color appearance of @ sample values in the spectral as well as spatial domain-
particular film [1]. In color reproduction, colors are mod- s, allowing for edit propagation in both domains. With our
ulated in images such that they perceptually match thosevo-step propagation scheme, existing spatial edit prapag
of the original scene within the human visual system [26]tion methods can be easily applied in each step.
When these color transformations are applied to RGB im-
ages, accuracy is greatly limited by the low spectral reso-
lution and !oss of color content. In thIS. paper, we addresg MSI Chromaticity Mapping Tool
the color simulation problem as matching of color spectra
in image irradiance, rather than matching of human retinal
responses, since there exists wide variability in colocger A multispectralimage is a 3D functidvl (x,A) of image po-
tion among people. For example, the proportions of the thregitionx and spectral wavelengih We consider in this work
types of color-sensing cones on the human retina has bedne set of visible and near-infrared wavelengths. For an im-
found to vary significantly among different individuals [4] ~age resolution ofv x h and a spectral resolution of a mul-
tispectral image is represented by a mali>of n columns
Image Enhancement Scene spectra often contains color feaandw x h rows. Each columh(A) of M corresponds to an
tures corresponding to rich surface details. In the field ofmage dlice that contains the light intensities of each image
image processing, there exists considerable work on imageoint at a certain wavelength. We refer to each rgw) of
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450nm

Fig. 4 Representative slices of a lemon MSI generated by PCA ardteel by our algorithm. (a) Conventional RGB image. (b)H(fkst five
PCA basis components of the lemon MSI. (g)-(k) Computedesgntative slices, showing different appearance featwes as brightness and
roughness. Left-bottom: Reconstruction errors of theofdmtd representation with different numbers of represterg sliceK. (Data from [32].)

M as aspectrum vector, which is composed of dense sam- wheres(x, ) is the original mapping functiof is the set of
ples of the spectrum at a given pixel. user strokesj(ZY(B(x),B(x;)),Z5(F (A),F (Aj)),9(Xj,A}))

) ) _ ) is the edit of the chromaticity mapping function on MSI
Tp display a multispectral image on .conventlonal outpu'F de'sampIeM (x,\) propagated from the user inpytx;,A;) at
vices, the scene spectrum of each pixel needs to be prOJectﬂ%j_th stroke (Section 3.3).

to RGB values by chromaticity mappisgx,A):

i) /M (uA)s ()b, @) 3.1 MSI Factorization

wherei = R G, B is one of three RGB channels, ag¢x,\)

are the spatially varying chromaticity mapping functidmstt  An MSI contains a large number of samples in both the spa-
are manipulated post-capture according to the user's-interiial and spectral domains. Recently, several techniques ha
tions. For simplicity, in the following text we only discuss taken advantage of coherence within an MSI and proposed
how to edit the chromaticity mapping functisix,A) for ~ sparse representations to reduce the data that needs to be
one display channel. The same process can be applied €&aptured in MSI acquisition [12,20, 25]. However, these rep

edit the chromaticity mapping functions of the other RGBresentations are targeted to acquisition and are norirguit
channels. for user-guided editing of chromaticity mapping. Here we

) _ propose a new MSI factorization for this purpose.
The purpose of our work is to allow the user to easily ad-

just the Chromaticity mappmg functimﬁx’)\) ina Spa‘“a”y Let us consider the MSI as a set of image slices with dif-
and spectrally varying manner. As illustrated in Figure 3ferentwavelengthl = Iy, 15...In]. With M, we identify the

we first factorize the input MSM into a set of representa- least number of image slices with distinct features that can
tive image slice® and a set of weights for each wavelengthWwell represent all the other image slices. We refer to these
F (Section 3.1). After that, the user can edit the chromaticit image slices asepresentative slices of M. Specifically, a set
mapping on the representative slidésy,) of B by draw- of K slices is automatically selected by minimizing the nor-
ing strokes with specified constraint valugs, Ap), which malized reconstruction errors associated with the salecte
can be positive or negative to emphasize or de-emphasi&ices and the number of slicks

the edit region. The edit is then propagated throughout the

MSI using a two-step propagation technique (Section 3.2)arg minz
In particular, the propagation is executed first in the spati K4
domainx based on the appearance affiity(B(x1),B(X2))

of two pixels defined irB, and then in the spectral domain
A based on the appearance affifdf§(F (A1),F (A2)) of two
wavelengths defined if. Finally, we obtain the resulting
chromaticity mapping (x,A) from the propagated edits:

0y -l Jwi — i

TE )

wherel; is thei-th column ofM(x,A), andw; is a K x

1 vector representing the reconstruction weights of dlice

from representative slicdy, ... Iy ]. This can be solved by

a greedy solution. In particular, we start by initializirtget

bases numbek to zero and then incrementally increase it

one by one in a greedy way. In each step, we test all non-

S(x.A) =s(x.A) +3 jce &(Z'(B(x),B(x})), Z(F(A).F(2))).9(xj:Ai))  representative slices and add the one that can reduce the re-
(2)  construction error most in the representative slice setréAe
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peat this process until the relative reconstruction eratis f
below a threshold of = 0.05.

With the selected representative slices, we can decompose
the MSI matrixM = [I1,15...15] as the product of the ma-
trix of representative sliceB = [l ... Iy ] and the matrix of
weightsF = [wy,wa...wp):

Mpxn:Bpr.FKxn- (4)

Figure 4 (g)-(k) displays an example of representative im-
age slices, which show different appearance features such a
roughness and brightness. For comparison, we also display
in Figure 4 (b)-(f) the first five basis slices determined by P-
CA [13]. As shown in this example, the representative slice§ig. 5 Comparison of results with and without normalized spectrum

i ati i ; istance in the spatial domain. The selected feature (witstbstrokes)
generated by our factorization well exhibit the spatial ancﬁ] the image slice at wavelength 880nm in (b) is subtle duestioiv

spectral features of the. Qriginal MSI, while PCA does NOtiytensity in the original MSI. The propagation result cortgaliwith
guarantee a decomposition into components that are meaiermalized spectrum distance in (d) is much better than tieecom-
ingful for editing. puted with un-normalized spectrum distance in (c).

From the MSI factorization, the representative slice®in SPatial propagation process as a function interpolatian th

contain the distinct spatial features of the MSI and are usedetermines the propagated values:

ful for both specifying the editing constraints and provid- v

ing an indication of how the edits will be propagated.Spatia® (%, Ap) = y;ayz (B(),B(y) ®)

features in other slices are taken to be linearly correlated

those inB. The constraints within one slice are propagatedvhereC is a selected subset of the user-edited pixels on rep-

to the whole image slice in the spatial domain. On the othefesentative image slidéAp). Z¥(B(x),B(y)) is the appear-

hand,F encodes the spectral coherence between represengnce affinity in the spatial domaiay is determined through

tive image slices i and image slices at other wavelengthsthe following optimization [15]:

in M, and we use it for propagating the edits in one wave- _ v )

length band to other wavelengths according to their cohe291" zEWXba}‘b(gXb-)\b - Ec(ayz (B(x0),B(Y)))) (6)

ence in the spectral domain. The final propagation result is e ye

computed as a combination of propagations in the spatialhereE is the set of all user-edited pixetg on representa-

and spectral domains. tive slicely,, andw, ,, is the constraint strength on pixel
atimage slicé(Ap) specified by the user. We sg ,, = 1.0
in our implementation.

3.2 Two-Step Edit Propagation Given the matrixB of representative slices, the appearance
affinity in the spatial domai@"(B(x),B(y)) is defined as

User Inputs After factorization, the user selects the spatial
and spectral features they want to manipulate by specifyingv _ ~IAB(XA) — B'(y,M))? = ylI®

. (B(x),B(y)) = exp( 5 5 );
a set of strokeg(xp, |, ) at sparse pixels, on a represen- oy 05
tative slicel,, of B and then applies the desired chromatic- (7)
ity mapping edit to the selected region. As shown in Fig-
ure 5(b), the white strokes refer to the pixels the user want&herey (B'(x,A) —B'(y,A))? and||x — y||* are the appear-
to apply the edit while the black strokes refer to the regiorfnce and spatial distances of two pixels respectively,evhil
that should be unchanged. oy and oy control the relative weights of appearance dis-
éance and sp{;\tial distance of 'Fwo p_ix%(x,)\) = Z?(EQQ’)?\)
is the normalized representative slice valueBoiNote that
If we directly use the representative slice vallge the
distance computation, the differences within a low-inigns
Spatial Propagation In the spatial propagation step, we proprepresentative slice may be washed-out by the differences
agate the sparse constraigis,, defined at representative in a high-intensity representative image slice, which ¢ead
slicesl,, to all pixels in the same representative slice. Toto an undesirable appearance affinity map as shown in Fig-
this end, we follow the method in [15] and formulate the ure 5(c). By using the distance computed by the normalized

After this, we propagate the edit in the spatial domain an
then propagate the edit in the spectral domain to obtain th
final edit weight map for chromaticity mapping.
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Since the image feature of interest to the user may exist in
a set of wavelengths, propagating the chromaticity adjust-
ments to wavelengths with similar image slice appearance
(i.e. the coherent wavelengths) would help to achieve their
intentions. This is illustrated in Figure 6, where we would
like to reduce the specular reflection on the lemon skin in
(a) to make it more diffuse. To do this, the color image
is pre-synthesized in HSI color space [28] with H and S
fixed and the mapping curve applied to I. We draw strokes
on the 450nm slice in (b) which exhibits strong specularity
to reduce its contribution to the final color image. Without
spectral propagation, the adjustment only affects wagghen
450nm and not other image slices that share this strong spec-
ular effect, which would lead to the result in (d) that stitte
hibits much specular reflection. With the spectral propaga-
tion, the adjustment is spread to wavelengths that singilarl
" - contain strong specularity, which allows easy achievement
of our goal in (c).

0.8 3

0 AN 7@?*
0.4 —

7 ~— 7 AN

N / N >
02 %&W 540560580600 620 aom .. .
os — 3.3 Chromaticity Mapping
0.6 spectral propagati

0.8 without spectral propagation|

_ - _ - After the two-step propagation, we obtain the final eg{ix, A)
Fig. 6 Results of chromaticity mapping tuning with/without theesp for each spectrum sample. The final spatially-varying chro-
tral propagation. (a) color image generated using the ctiomal ;

chromaticity mapping function; (b) constraints on the 48Gsiice; (c) ~ maticity mapping function is then computed by
result with spectral propagation; (d) result without theatpal prop-
agation. Bottom: the luminance curves of pdiin (a)(c)(d) respec- S (X,A) = S(X,A) +€3(X,A). (10)
tively. (Data from [32].)
Finally, we apply the chromaticity mapping functisifix, A)
to the spectral values of the pixetsto compute the RGB
representative slice valug, our method yields a reasonable ¢g|or image via Equation 1.

appearance affinity map in the spatial domain (shown in Fig- . . )
ure 5(d)). Computational Complexity Our two-step propagation tech-

nique brings a significant reduction in computational cost.
Spectral Propagation The spatial propagation in the pre- Let us consider an M3V with p=w x h pixels anch wave-
vious step propagates the user edit to all pixels within théength bands. If we directly propagate from the constraint
given representative slices. In the spectral propagate&m s samples to the entire MSI with the affinity defined by
we further propagate the edit to all wavelengths. Given the
spatial propagation resudt(x,Ap) defined at representative Z(M(x1,A),M(x2,Y)) = Z'(B(x1),B(x2))Z3(F (), F(y)),
wavelength\,, we simply compute the propagated edit val- (11)
uee’(x,\) at each wavelength as

the computational cost of this naive solutionQ$w x h x

e(x,A) =3 €'(xAp)Z%(F(A),F(Ap)), (8)  n). On the contrary, our method decomposes the propaga-
Ap€EG tion into two steps, which reduce the computational cost to
O(wx h+n).

where G is the set of representative image slices with user
strokes, an@s(F (M), F(Ap)) is the affinity function defined
in th tral d in, which is defined b .
in the spectral domain, which is defined by 4 Experimental Results
(F(kv)\) - F(kv)\b))z 9
o2 G We implemented our system on a PC with an Intel Xeon
CPU E5440@2.83GHz with 4GB RAM. After loading an

whereads is a parameter that controls the amount of propaMSiI, the pre-processing for MSI decomposition takes about
gation in the spectral domain. one minute. Then our system provides interactive feedback,

Z5(F(A),F(Ap)) = exp(— Skeo
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fluenced by camera settings. Multiple images with differen-

t exposures are captured to calibrate the response function
of the imaging process [6], and spectral sensitivity is as-
sumed not to be affected by exposure time. With this calibra-
tion, color processing is modeled simply as an inner product
of each spectral sensitivity functiaof the overall system

Fig 7 C _ ¢ different d'f ' ] thods for ch and the scene radiance spectruif\) to give pixel values
10. omparisons of different edit propagation metnods for €nro
J P propeg Px = [ S(A)Vx (A)dA.

maticity mapping. (a) RGB image before editing. (b) Resalhputed

with the chromaticity mapping generated by our method. @UR by - - .
directly editing the RGB image. (d) Result computed with theo- We thus recover the spectral sensitivity functions of amgive

maticity mapping generated by the video editing method .[1 camera by imaging a dispersed spectrum Wit_h known image
irradiance values, produced by passing a light beam with

a known spectral power distribution through an optically
with a response time for propagation of about 2 secondsalibrated prism onto a white matte screen with known re-
The MSIs used in our experiments have an image resolytectance. For each color channel of the system, its spectral
tion of 800x 600 and a spectral resolution of 50 slices fromsensitivity function is calculated by dividing the digitia

400nm~ 100hm. Some results in Figure 9 have been tone~alues of the spectrum by their corresponding incoming ra-
mapped and cropped for display. For all results shown i§iance values.

the paper, the user inputs consist of fewer than six strokes.

Please refer to the accompanying video for the input strokelsigure 8(b) shows color stylization results based on spec-
of each result. tral sensitivities measured from a Minolta Dynax 500si film

camera with Kodak Ektachrome 100VS film and standard
Figure 2 compares the images generated by our method agde development. Our stylization result in Figure 8(b) from
results generated by the video editing method in [15] thah multispectral image well simulates the cold and vivid col-
is based on the simple L2 distance of spectrum sample var style of this film, and closely matches the scanned film
ues. Figure 7 compares the results generated by our methaghown in Figure 8(a). The result shown in Figure 8(d) is
the RGB based image edit method, and the video editingenerated from a conventional RGB image using an MSI
method in [15]. Note that the RGB based image editing metlwith CIE 1931 RGB color matching functions by film em-
ods cannot distinguish pixels with similar RGB colors butylation software (Exposure 4 [1]), which differs noticeabl
different spectral details, and thus generate undesiesiite  from the ground truth due to the limited color information
ing results. Also, the simple L2 distance metric used in then a conventional color image. We also show a local col-
video based method cannot measure the affinity of spectrak stylization result in Figure 8(c). In this local styliia,
samples at different wavelengths and thus generatescastifa the spectral sensitivities for the lens and pens is from Koda
inthe result. By contrast, our method well preserves the spasold 200 film with a Minolta Dynax 500si film camera and
tial and spectral coherence of the input multispectral imag C-41 development while those of other parts of the image
are the same as in Figure 8(b). Note the difference in hue for
the lens and pens in Figure 8(c) compared to that in Figure
8(b).

N\ — = -

4.1 Color Stylization

Different photographic imaging processes vary broadly in4 2 Detail P i
their mechanisms for producing color, which results in u-" etai Freservation
nique color styles that emphasize or suppress certain sange
of wavelengths. There exist some methods and tools [1] foAnother significant component of photo appearance is sur-
color stylization, but they operate on the limited RGB inputface detail, which is preserved in the multispectral image
recorded on the camera CCD. With an MSI, we can manualdata. Details at particular wavelengths or wavelength band
ly tune or use the spectral sensitivity functions of a specifi s can be emphasized by manipulating chromaticity mapping
imaging process to generate a photo with a specific coldiunctions. From a multispectral image, we synthesize arcolo
style. image in the HSI color space [28] with H and S fixed accord-
. . . . ing to a conversion from standard RGB colors [CIE 1986],
Similar to [6], we model a film-based imaging process by : L . . .
o ) . .~ _“?and with the chromaticity mapping function of | determined
considering the film, development technique and digital film ) :
. - . for detail preservation.
scanning as a whole. For digital cameras, the process sim-
ilarly covers the full imaging pipeline, from the incoming We demonstrate surface detail preservation results inr€igu

scene radiance to the output image, while possibly being ir8 by tuning the chromaticity mapping function of | using our
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Fig. 8 Color stylization results. (a) Ground truth (scanned fil(h);Our stylized result with an MSI; (c) Our local color styditing results. Note

the color style differences on the lens and pens comparda) 8Bn@ other parts of (c). (d) Software simulation with Aligkin Exposure 4 using

the conventional color image generated from an MSI with @B1LRGB color matching functions.

tools. The strokes used for tuning are shown in the accompaa conventional cameras. With our tool, these details can be
nying video. With different tunings, we obtain images thatrevealed and enhanced by tuning the chromaticity mapping
enhance different aspects of the scene, including lighstra functions. Figure 9(c) displays the green pattern on the or-
port, scattering effects, and surface detalils. ange skin which is lost by RGB filters in Figure 9(a). The

. . details inside a yellow watermelon are enhanced in Figure
Light Transport Enhancement The scene radiance that form§)(k) in comparison to Figure 9(j). Also, greater detail is-vi

s animage is the result of complex light transport among th . : . S
scene objects. Extended from [19,21,27], multispeciyatli Tole in the millet of Figure 9(n) than in Figure 9(m).

transport could be formulated as:
b=T-i (12) 5 Conclusion

whereT is an(m-t) x (n-t) light transport matrix fromrm . . . .
(m-) x (n-1) lig b We proposed an interactive framework for manipulating the

light sources tan camera pixelsi is the illumination con- o . : . )
g P : chromaticity mapping functions for multispectral imageséd

dition represented by amx t vector fromn light sources, ) . ;
. . _on an edit propagation scheme. In our method, a factorized
andb is anm x t vector that represents the scene radiance

observed by a camera with pixels. T, i andb all have a representation of the MSl is proposed for decomposing the

multispectral representation wittwavelength bands. propagqtlon Into a .two-step scheme, in W.h|Ch edits are prop-
agated in the spatial and spectral domains separately, lead

The multispectral light transport matrix has many details ing to a general and efficient scheme for chromaticity map-
that cannot be captured by conventional RGB imaging. Witlping manipulation. With our method, we show several re-
an MSI, our method can reveal and enhance subtle detaibults generated from MSiIs for color stylization and enhance
s in the light transport matrix to generate new effects. Foment of different image details which cannot be achieved by
example, Figure 9(b,h) exhibits refraction caustics wigh s conventional color image editing. In future work, we would
nificantly more detail than Figure 9(a,g) recorded by a contike to extend our method to edit the chromaticity mapping
ventional RGB image. functions of multispectral video data. Another interegtin
topic we would like to investigate is to exploit the spectral

Scattering Effect Enhancement The appearance of an ob- coherence of the scene to facilitate MSI acquisition.

jectarises from the wavelength-dependentinteractioigbf |
with the object surface. An object surface may thus have

different scattering effects and appearance under differe

wavelengths. In Figure 9(f), the wavelength dependent su3€férences

surface scattering is enhanced, making the hand look sof&. Alien Skin Software, LLC.. Exposured. URL
and translucent with most of the wrinkles faded out. By con-  htp:/mww.alienskin.com/exposure/index.aspx. [oelin
trast, Figure 9(e) shows the hand with surface scattering em  http://www.alienskin.com/exposure/index.aspx

phasized, making the hand appear hard and aged with evi2- An. X., Pellacini, F.: Appprop: all-pairs appearancecp ed-
dentwrinklgs. Simi_lalr effects are seen in the pc_)melo qf Fig- '; a’;gg‘:"g;;'.og'_g_l"ACSI\'A(??\EQP?WE?'Nﬁ?ﬂsﬂe(%%’g; H é(z.?ls
ure 9(I), which exhibits smoother and softer skin than in the  htp://doi.acm.org/10.1145/1399504.1360639

original RGB image of Figure 9(j). Also, the red silk ribbon 3. Cao, X., Tong, X., Dai, Q., Lin, S.: High resolution mupietral

on the box in Figure 9(i) appears more translucent than in video capture with a hybrid camera system. Proc. of Comp. Vis
Figure 9(g) and Pattern Rec. (CVPR) (2009)
g 9)- 4. Carroll, J., Neitz, J., Neitz, M.: Estimates of |:m conéadrom

- : s erg flicker photometry and genetics. Journal of VisR{(B):1),
Surface Detail Enhancement Many natural objects exhibit 531-542 (2002)

rich details on their surface within narrow wavelength band s, Chakrabarti, A., Zickler, T.: Statistics of real-worlgigerspectral
s, but which are lost by the broad pass-bands of RGB filters images. In: In IEEE Int. Conf. Comp (2011)



Interactive Chromaticity Mapping for Multispectral Image

Fig. 9 Result of our method showing different detail preservagfiacts. The left column shows images generated with cdiowead chromaticity
mapping functions of RGB cameras. The middle and right cokiare results produced by our system to preserve and entiiffiecent types of
scene details. The parametews,{,,05) for each row are (0.002,0.001,0.03), (0.006,0.001,0(@1904,0.0001,0.003), (0.002,0.0005,0.003), and
(0.002,0.003,0.003), respectively.
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