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Abstract

We present a novel method to reduce the effect of specelsiiti digital im-
ages. Our approach relies on a simple modi cation of thewapsetup: a multi-
ash camera is used to take multiple pictures of the scens) eae with a differ-
ently positioned light source. We then formulate the probtg specular highlights
reduction as solving a Poisson equation on a gradient etdiaobd from the in-
put images. The obtained specular reduced image is furtheed in a matting
process with the maximum composite of the input images. Hixgatal results
are demonstrated on real and synthetic images. The entigzn be conceivably

packaged into a self-contained device, no larger thaniegisligital cameras.
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1 Introduction

The re ection of light from surfaces in real scenes is gelig@assi ed into two main
categories: diffuse and specular. The diffuse componeaundtefrom light rays pene-
trating the surface, undergoing multiple re ections, areemerging [9]. In contrast,
the specular component is a surface phenomenon - light naygeint on the surface
are re ected such that the angle of re ection equals the amglincidence. Light en-
ergy due to specular re ections is often concentrated inmagact lobe, causing strong
highlights (bright regions) to appear in the image.

These bright spots, also known as specularities, play armr@@in many computer
graphics and vision problems. They provide a true senseab$ne in the environment,
reveal important local curvature information [10] and magreprovide additional cues
for object recognition [11]. However, in most cases, spachighlights are undesirable
in images. They are often considered as annoyance in traditphotography and
cause vision algorithms for segmentation and shading aisaly produce erroneous
results. If the sensor direction is varied, highlights hifminish rapidly, or suddenly
appear in other parts of the scene. This poses a seriougeprdbt vision methods that
rely on image correspondences, such as stereo or motiorithigs.

A variety of photometric techniques have been proposeddtaling and remov-
ing specularities using color [7], polarization [17], miple views [8] and hybrid meth-
ods [9]. However, most of these techniques assume thatiiigblappear in regions
with no variation of material type or surface normal. In faetiably removing specu-
larities in textured regions remains a challenging problem

In this paper, we address the problem of reducing the effesg@cularities in digi-
tal images by taking a different approachRather than relying in one single image as
most previous methods, we capture a set of images of the sd#ndifferent lighting
conditions. Our work belongs to an emerging class of comyriphics techniques
that process multiple images acquired with the same viewtoit under different con-

ditions, such as different illumination, focus or exposi&el, 13].

1Based on “Specular Re ection Reduction with Multi-Flashaging”, by Feris, Raskar, Tan, and Turk,
which appeared in Proceedings of SIBGRAPI/SIACG 2004 (ISBRV=695-2227-0).c 2004 |IEEE.



Figure 1:Multi- ash camera setups used in [13] for depth edge detattiFrom left to
right: 4- ash setup, 8- ash setup and dynamic scenes se@r. goal in this paper is
to exploit multi- ash imaging for specular re ection redtion.

Our capture setup is a multi- ash camera, a self-con-taidedce that we have
recently proposed for depth edge extraction and non-pealistic rendering [13]. By
observing that specularities shift according to the d#ferpositions of the ashes,
we are able to signi cantly reduce or completely remove sgeachighlights in the
scene. More speci cally, we formulate this problem as sodva Poisson equation on
a gradient eld obtained from the input images. This allowgda remove specularities
in objects with different curvatures and textured regions.

We will detail our approach in Section 2 and present our érpanrtal results in
Section 3. In Section 4, we discuss advantages and limitatid our method. In
Section 5, we describe implementation details and condiueeaper in Section 6,

with nal remarks and future work.

2 Specular Highlights Reduction

In this section we introduce our proposed method for spebidalights reduction. We

start describing our capture setup and then present ouiegtatbmain algorithm.

2.1 Multi-Flash Imaging

Instead of taking one single picture of the scene, we use &-rash camera with
n ashes to acquiren images from the same viewpoint, each one with a differently

positioned ash. We have already successfully used thigps&ir detection of depth



edges, with applications in stylized rendering [13], ngpelling recognition [5] and

medical imaging [14]. Figure 1 shows our different multiska setups for static and
dynamic scenes. Note that the position of each ash in thes®{ypes was chosen to
better detect depth edges. We refer to [13] for details abaoutlepth edge detection
method based on shadows. Now we will show how multi- ash carsean be used for

reliable removal and reduction of specularities.

2.2 Approach

Our method is based on the observation that specular sgfitactording to the shift-
ing of light sources that created them. We need to confiidee case®f how specular
spots in different light positions appear in each image:

(i) shiny spots remain distinct on a specular surface.

(ii) some spots overlap.

(i) spots overlap completely (no shift).

We show that for cases (i) and (ii), which often occur in pi@gtour method suc-
cessfully removes specular highlights.

We note that although specularities overlap in the inputgiesa the boundaries
(intensity edges) around specularities in general do netlap. The main idea is to
exploit the gradient variation in the images, taken under the different lighting
conditions, at a given pixel location (x,y). If (x,y) is in @excular region, in cases
(i) and (ii), the gradient due to the specularity boundary} & high in only one or
a minority of then images. Taking thenedian of the n gradients at that pixel will
remove this outlier(s). Our method is motivated by the ir#ic image approach [16],
where the author removes shadows in outdoor scenes by ribéibghadow boundaries
are not static.

Letlx,1 k n beaninputimage taken with light sourkeandIimax (x) =
max (1« (X)) be the maximum composite of the inputimages. We computeiheadar-
reduced image through the following steps:

1. Compute intensity gradien (x;y) = r lx (X;y)
2. Find median of gradient§(x,y) = median (Gk (X;y))
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Figure 2:The basic idea of our algorithm for specular re ection redioa.

3. ReconstructimagE which minimizesr ' G
4. Uselmax to improve result in a matting process.

This algorithm is illustrated in Figure 2, considering a emenwith four ashes.
We will detail the method used for reconstructing imdgstep 3) in Section 2.3. The
alpha matting process (step 4) will be described in Sectidn 2

Figure 3 shows a simple example to illustrate our me-thodlitheee cases men-
tioned above. For each case, we created four images withatiaduawn specularities.
The rst column in the gure corresponds to the max compositehe four images
(Imax), the second corresponds to the median of intengitieedian) and the third
column is the output of our method - the reconstruction framrmedian of gradients
(lintrinsic).

Note that if we consider Imedian, specularities are notielited in case (ii), where
spots overlap. On the other hand, our method is able to haadks (i) and (ii), which
often occur in practice. If specularities do not move amanggdes, our method fails
to remove them.

It is worth mentioning that specularities could also be reembby just taking the
min composite of the images, but in this case we would haveitbeence of shadows,
which are not desirable. Since the boundaries of shadowly/raverlap, they are also

eliminated in our method.
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Figure 3:lllustration of the three cases. Note that if we consideryahke median of
image intensities (instead of median of gradients), we pgwklems in case (ii). Our
method based on the intrinsic image handles cases (i) apaviich often occur in
practice. If specularities do not move among images our atefails to remove them.

2.3 Image Reconstruction from Gradient Fields

Image reconstruction from gradients elds, an approxinmiatertibility problem, is
still a very active research area. Rf, a modi ed gradient vector elds may not be
integrable. In other words, there might not exist an imAgeich thatG = r I. In

fact, the gradient of a potential function must be a consdemveeld i.e., the gradient

r = %(; %y) must satisfy: ot af
@X@i @y@x

)

This condition is rarely veri ed for the gradient elc.

As noted by Frankot and Chellappa [6], one possible solutichis problem is to
orthogonally projecG onto a nite set of Fourier basis functions spanning the det o
integrable vector elds. In our method, we employ a morediend ef cient approach,
in a similar way to the work of Fattal et al. [4]. We search thace of all 2D potential
functions for a functio' whose gradient is the closest®in the least-squares sense.

In other words/" should minimize the integral:

zZz
F(r I*G)dxdy; 2

whereF(r 1G)= kr ' Gk =(Z G)2+(Z G,)>2

According to the Variational Principle, a functidhthat minimizes the integral in



(2) must satisfy the Euler-Lagrange equation:

@F d @F d @F

@ &xd@ dd,

=0; (3

which is a partial differential equation it SubstitutingF we obtain the following

equation:
@’ @G ar @G, _

@z X % ey ey

(4)

Dividing by 2 and rearranging terms, we obtain the well-knd®oisson Equation:

r 2= divG (5)
wherer 2 is the Laplacian operator de ned as?[" = % @% anddivG is the
divergence of the vector el®, de ned asdivG = + —G’

We have used the standard full multigrid method [12] to sthesPoisson equation.
We pad the images to square images of size the nearest potves,dfefore applying

the integration, and then crop back the result to the origiza.

2.4 Alpha Matting

As we will show in our experiments, our technique is effeetio reduce the effect of
specularities in digital images, but may also introduceetow-contrast effects, which
might be undesirable for some applications (e.g., phofdgra

We improve the quality of our result in a matting process i maximum com-
posite imagdmax . We place the ashes strategically so that every point instene
that is shadowed in some image is also captured without Iskiadowed in at least one
other image. Thudmax is a shadow-free image, with the problem of being affected
by specularities.

Our observation is that we caletectspecularities inmax by taking the difference
betweerdmax and the reconstructed specular-reduced infadéis difference is then
used as an alpha channel for matting, so that we replace #oalsp regions inmax

by the correspondent specular-reduced regiors iNore speci cally, we computed



our nal resultR as follows:

Imax I
N

f+@  )Imax (6)

Py
1

whereN is a normalizing constant factor, calculated so that vabfes range from
zero to one .
An alternative to the matting process would be to threshokthd use image in-

painting techniques [2, 15] to Il in the specular regiondimax (determined by ).

3 Results

This section presents our experimental results, which warged out with synthetic

and real images, considering objects with different locavature and textured regions.

3.1 Synthetic Images

We rst demonstrate our method in synthetic images, showlirag it can reliably re-
move specularities in textured regions, as long as spdissshdng images.

Figure 4a-d shows four images of a textured region, with rmfiypdrawn specular-
ities (white circles). Figure 4e shows the max compositegien@ase (ii), where spots
overlap) and our result is shown in Figure 4f. Note that weadnie to eliminate the

specularities, while preserving the texture.

3.2 Real Images

We now show the usefulness of our method in real scenes. d-gaHd shows four
images taken with our multi- ash setup depicted in Figure Note that the images
contain shadows and specularities. The max composite insdusvn in Figure 5e,
has no shadows, but contains all specular highlights. Oecidpr-reduced gradient

reconstruction is shown in Figure 5f. We have chosen objedtie scene with different
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Figure 4:(a-d) Four images with manually drawn specularities alortgxtured region.
(e) Max composite image. (f) Result of our method.

local curvature and included also a textured box. We are tald&gyni cantly remove
specular highlights despite these conditions.

Figure 5g shows the magnitudes of gradients along the seastiowed in the max
composite image. Dashed lines correspond to gradientsffefelit images and the
solid line is the median of gradient magnitudes. Figure Swshthe intensity of the
max composite image along the scanline (dashed line) anidtéresity of the recon-
structed specular-reduced image (solid line).

The quality of our result is improved through the alpha mattstep. Figure 5i
shows the computed alpha channel, which allows us to dgtecutarities. Our nal
result after matting is shown in Figure 5j.

Figure 6a shows a challenging scene, involving a transpatgect and a high
albedo background. Note that we are able to detect most kspities (Figure 6¢)
without false positives. As we can see in our nal result foistexample (Figure 6d),
shadows are eliminated and specularities are signi caetliyced.

Another demonstration of our technique is given in Figureviiere we show an
input image taken with one of the ashes (Figure 7a), the gmstdreconstructed image
(Figure 7b), and our nal result after matting(Figure 7c).e\Wote in this case that
the gradient reconstructed image has some blur and shaflestssfdue to overlapped
shadow boundaries). The quality of our result is improveeraflpha matting.

The computational time required to obtain the specula-ineages is about one

second on a 3GHz Pentium 4, considering images with resol6d0x480.
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Figure 5: (a-d) Four images taken with our multi- ash camera. (e) Matposite
image. (f) Specular-reduced image using our method. (g)rMades of gradients
along the scanline showed in (e). Dashed lines corresporgtddients of different
images and the solid line is the median of gradient magngudb) Intensity of max
composite along the scanline (dashed line) and intensityeodnstructed specular-
reduced image (solid line). (i) Alpha channel used for nmatti(j) Our nal result.

4 Discussion

As we already mentioned, our method fails when speculaligigis do not shiftamong
images captured with different ashes. Fortunately, thasecis not problematic for
many computer vision methods that rely on image correspwrete Other sources of
failure include scenes with e.g., rough surfaces or silkhdo

In our method, regions covered by specular highlights iniorage may be specular-
free in others, since bright spots often shift due to our ma#th scheme. This allows
us to “uncover” these regions, posing an advantage overqueapproaches that rely
on a single image.

By solving the Poisson partial differential equation, wienghate most highlights

10



Figure 6:(a). Image taken with one of the ashes. (b). Maximum contpasiage.
(c). Detection of specularities (alpha channel). (d) Ouralmesult after matting.

Figure 7:(a) Image taken with one of the ashes. (b) Gradient recarded image.
(c) Result after matting.

and also shadows in the image. This compares favorably We&hmax composite
(which has no shadows but is full of specularities), the neimposite (which is specular-
reduced but also full of shadows) and the median of interssitivhich has problems
when spots overlap, as shown in Figure 3). In addition, ouhogkis not affected by
objects as bright as specularities in the scene (see Figwhkiéh is clearly a problem
for thresholding-based techniques.

We have tested our approach using the same setup for depthdetigction [13]
with four ashes. However, even more accurate results cdaglcdbbtained by using
more light sources with strategic positions. Using only tashes would not be a
good choice, due to the fact that the gradient of the bounadfayspecularity in one
image would be only attenuated (not removed) when takingrtban with the other
image. Choosing the minimum gradient could help in this chaeit would create a
problem for textured regions.

In addition to reduce the effect of specular highlights igiwil images, our method

11



Figure 8:(a) Max composite image and (b) correspondent depth edggdnténsity
plots along the red scanline of the region highlighted inrtedst gure. (d) Specular
mask computation (e) Our nal result

also detects specularities, which may be useful in otheliggtipns, such as object
shape information acquisition [9] and interactive creatad technical illustrations,
where the user may decide whether to keep or remove spdmdariOur detected
specular regions could also be used as input for image itipgimethods, which often
require manual labeling of such regions [15].

Our technique could be applied for specular re ection reuurcin traditional pho-
tography and also for improving computer vision methods. shiw in Figure 8 that
using our specular-reduced image signi cantly improveptdesdge detection [13].
Figure 9 shows more results in challenging specular scenes.

Finally, we need to mention that we are processing “actieeslarities”, created
by our light sources, rather than highlights due to ambiightt! The use of ashes
might be useful in many situations, such as in dark scenesyer for vision methods

based on active lighting.

5 Implementation

Our basic prototype for static scenes makes use of a four RlggbCanon Powershot
G3 digital camera. The four booster (slaved Quantarray W&8+is duration ashes are
triggered by optically coupled LEDs turned on sequentibitya PIC microcontroller,

which in turn is interrupted by the hot-shoe of the camera.

12



Figure 9:Depth edge detection results in challenging specular stene

6 Conclusions

We have presented a new method for specular re ection réstuagt digital images.
Rather than relying on a single image, we capture multiplages of the scene un-
der different lighting conditions. Based on the informatibat highlights often shift
according to the position of the light sources, we formuthte problem of specular-
ity removal as solving a Poisson equation on a gradient ddthimed from the input
images.

We basically improved and presented another functionfaitthe multi- ash cam-
era, recently proposed for depth edge detection and stiyteedering [13]. As fu-
ture work, we plan to exploit other imaging parameters, sagkariable wavelength

(coloured ashes) to improve our techniques.
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