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Abstract

Whilereal scenes produce awiderange of brightnessvari-
ations, vision systems use low dynamic range image de-
tectors that typically provide 8 bits of brightness data at
each pixel. The resulting low quality images greatly limit
what vision can accomplish today. This paper proposes
a very simple method for significantly enhancing the dy-
namic range of virtually any imaging system. The basic
principle is to simultaneously sample the spatia and ex-
posure dimensions of image irradiance. One of severa
ways to achieve thisis by placing an optica mask adja
cent to a conventional image detector array. The mask has
a pattern with spatially varying transmittance, thereby giv-
ing adjacent pixels on the detector different exposures to
the scene. The captured image is mapped to a high dy-
namic range image using an efficient image reconstruction
algorithm. The end result is an imaging system that can
measure avery widerange of scene radiances and produce
a substantialy larger number of brightness levels, with a
dlight reduction in spatial resolution. We conclude with
several examples of high dynamic range images computed
using spatially varying pixel exposures.

1 High Dynamic Range Imaging

Any real-world scene has a significant amount of bright-
ness variation within it. The human eye has a remarkable
dynamic range that enablesit to detect subtle contrast vari-
ations and interpret scenes under alarge variety of illumi-
nation conditions [Blackwell, 1946]. In contrast, a typi-
cal video camera, or a digitd still camera, provides only
about 8 bits (256 levels) of brightnessinformation at each
pixe. Asaresult, virtually any image captured by a con-
ventional imaging system ends up being too dark in some
areas and possibly saturated in others. In computational
vision, it is such low quality images that we are left with
the task of interpreting. Clearly, the low dynamic range of
existing image detectors poses a severe limitation on what
computational vision can accomplish. This paper presents
a very simple modification that can be made to any con-
ventional imaging system to dramatically increases its dy-
namic range. The availability of extra bits of data at each
image pixel isexpected to enhance the robustness of vision
algorithms.
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2 Existing Approaches

First, we begin with a brief summary of existing tech-
niques for capturing a high dynamic range image with a
low dynamic range image detector.

2.1 Sequential Exposure Change

The most obvious approach isto sequentialy capture mul-
tiple images of the same scene using different exposures.
The exposure for each image is controlled by either vary-
ing the F-number of the imaging optics or the exposure
time of the image detector. Clearly, a high exposure im-
age will be saturated in the bright scene areas but capture
the dark regions well. In contrast, a low exposure image
will have less saturation in bright regions but end up being
too dark and noisy in the dark areas. The complementary
nature of these images alows one to combine them into a
single high dynamic range image. Such an approach has
been employed in [Azuma and Morimura, 1996], [Saito,
1995], [Konishi et al., 1995], [Morimura, 1993], [Ikeda,
1998], [Takahashi et al., 1997], [Burt and Kolczynski,
1993], [Madden, 1993] [Tsai, 1994]. In [Mann and Pi-
card, 1995], [Debevec and Malik, 1997] and [Mitsunaga
and Nayar, 1999] this approach has been taken one step
further by using the acquired images to compute the radio-
metric response function of theimaging system.

The above methods are of course suited only to static
scenes; the imaging system, the scene objects and their
radiances must remain constant during the sequentia cap-
ture of images under different exposures.

2.2 Multiple Image Detectors

The stationary scene restriction faced by sequentia cap-
tureis remedied by using multipleimaging systems. This
approach has been taken by several investigators [Doi et
al., 1986], [Saito, 1995], [Saito, 1996], [Kimura, 1998],
[Ikeda, 1998]. Beam splitters are used to generate multi-
ple copies of the optical image of the scene. Each copy
is detected by an image detector whose exposure is preset
by using an optical attenuator or by changing the exposure
time of the detector. This approach has the advantage of
producing high dynamic rangeimagesin rea time. Hence,
the scene objects and the imaging system are free to move
during the capture process. The disadvantage of courseis
that this approach is expensive as it requires multipleim-
age detectors, precision optics for the alignment of al the
acquired images and additiona hardware for the capture
and processing of multipleimages.
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2.3 Multiple Sensor Elements Within a Pixel

A rather novel approach to high dynamic range imaging
uses adifferent CCD design. In thisapproach, each detec-
tor cell includes two sensing elements (potential wells) of
different sizes (and hence sensitivities). When the detec-
tor is exposed to the scene, two measurements are made
within each cell and they are combined on-chip before
the image is read out. Such an approach has been pro-
posed by [Street, 1998], [Handy, 1986], [Wen, 1989,
[Hamazaki, 1996], [Murakoshi, 1994] and [Konishi et al.,
1995]. However, thistechnique is expensive as it requires
a sophisticated detector to be fabricated. In addition, spa-
tia resolution is reduced by a factor of two since the two
potential wells take up the same space as two pixels in
a conventional image detector. Further, the technique is
forced to use a ssimple combining technique for the out-
puts of thetwo wellsasit is done on-chip.

2.4 Adaptive Pixel Exposure

A different approach to high dynamic range imaging has
been proposed in [Bragjovic and Kanade, 1996]. Here, a
novel solid state image sensor is developed where each
pixel on the device includes a computational element that
measures the time it takes to attain full potential well ca
pacity. Since thefull-well capacity is the same for dl pix-
els, the time to achieve it is proportional to image irradi-
ance. The recorded time values are read out and converted
to a high dynamic range image. This approach is attrac-
tive, but faces the challenge of scaling to high resolution
while keeping fabrication costs under control. In addition,
since exposure times can be large in dark scene regions,
the method is expected to be more susceptible to motion
blur. Thiswork isin progress and an initia version of the
device with 32x32 cells has been implemented.

3 Spatially Varying Pixel Exposures

In this paper, we introduce the notion of spatialy varying
pixel sensitivities for high dynamic range imaging. Con-
sider the array of pixelsshown in Figure 1. The brightness
level associated with each pixel represents its sensitivity,
such that, the brighter pixels have greater exposure to im-
ageirradiance and the darker ones have lower exposure. In
the exampl e shown, four neighboring pixels have different
exposures(eg < €1 < ey < e3) and thispatternisrepested
over thedetector array. Wewill refer to the captured image
as aspatially varying exposure (SVE) image.

The key feature here is that we are ssimultaneously sam-
pling the spatia dimensions as well as the exposure di-
mension of imageirradiance. Notethat when apixel issat-
urated inthe acquired image, itislikely to have aneighbor
that is not, and when a pixel produces zero brightness, it
islikely to have aneighbor that produces non-zero bright-
ness. Our goal isto exploit this spatio-exposure sampling
and compute a high dynamic range image of the scene.

It isworth noting that we are by no means restricted to the
pattern shown in Figure 1. The number of discrete expo-
sures can differ and the pattern does not have to be peri-
odic. There may be instances where a random exposure
pattern may be useful. The pattern can be implemented in
many ways. One approach is to place a mask with cells
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Figure 1: Pixel exposures (or sensitivities) can be spatially var-
ied to simultaneously sample sceneradiance along spatial aswell
as dynamic range dimensions. The captured image is used to
compute a high dynamic range image of the scene.

of different optica transparencies adjacent to the detec-
tor array. This pattern can also be etched directly on the
detector in the case of solid state devices such as CCDs.
Alternatively, the sensitivity of the pixels can be preset by
using different microlenses on the array, by using differ-
ent integration times for different pixels, or by embedding
different aperturesfor the potential wells of the pixels. All
these implementations result in the same effect, namely, a
detector array with spatially varying exposures.

In this paper, we will assume the use of an optical mask
with apattern of cellswith different transparencies, asthis
approach resultsin a very simple modification to virtualy
any imaging system. Figure 2 shows severd ways of in-
corporating an optical mask into an imaging systems. In
Figure 2(a), the mask is placed adjacent to the detector
plane. In cases where access to the detector planeis diffi-
cult, the mask may be placed outside the imaging lens. In
thiscase, aprimary lensis used to focus the scene onto the
mask plane. The light rays that emerge from the mask are
received by theimaging lensand focused onto the detector
plane. A diffuser may be used to remove the directionality
of rays arriving at the mask. Then the imaging lensis fo-
cused at the diffuser plane. Figure 2(c) shows how amask
can be easily incorporated into a photographic camera as
wdll. In this case, the mask is fixed adjacent to the plane
along which the film advances. Finaly, the SVE ideaisby
no means restricted to visible light. In principle, the dy-
namic range of any electromagnetic radiation imager can
be enhanced using this method.

4 Dynamic Range

Let us consider the case where scene radiance is smoothly
varying such that adjacent pixels are subjected to roughly
the same radiance. It isimportant to note that we are mak-
ing thisassumption only for the purpose of illustrationand
that the SVE method does not rely on such an assumption.
Consider an SVE imaging system that uses a CCD image
detector. The dynamic range of the CCD detector itself
can be defined as the ratio of the maximum and the min-
imum electron charge measurable by the potentia wells
corresponding to the pixels [Theuwissen, 1995],[Healey
and Kondepudy, 1994]. Dynamic range is often expressed
as:

Crun
DR = 20log —— 1
08— 1)

r
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Figure 2: Oneway to achieve spatially varying pixel exposures
is by using an optical mask with an array of cells with different
transparencies. (a) Such a mask can be placed adjacent to the
image detector array. (b) The mask can also be fixed at adistance
from the detector by using a primary lensto focus sceneraysonto
the mask and animaging lensto project radiance at the mask onto
the detector plane. (c) For film cameras, the mask can be placed
adjacent to the film areathat is exposed to the scene.

where C'y,,;; represents the full-well capacity of the de-
tector and N, isrms of the read-noise of the CCD. The
analog output of the camera is subsequently quantized via
A/D conversion to obtain a digital image. The number of
gray levels in the image and the gain of the A/D conver-
tor are usually adjusted such that the maximum gray level
I,,,. corresponds to the full-well capacity and the mini-
mum level I,,,;,, correspondsto the minimum signal (read-
noise) detectable by the CCD. The process of quantization
itself introduces an additiona noise, but we will ignoreits
contributionfor simplicity. Then, thedynamic range of the
digitized image can be written as:

DR = 20log ?’” . )

min

Hence, the number of gray levelsisoften viewed asamea
sure of the dynamic range. The minimum gray level 1,,,;,
istypically set to 1. Therefore, an 8-bit CCD detector re-
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Figure 3: An imaging system with a spatially varying expo-
sure pattern simultaneously measures local sceneradiance I us-
ing different exposures. In the pattern shown in Figure 1, four
exposures are used such that the maximum exposuree; measures
low sceneradiance with high fidelity, while the minimum expo-
sureeo can measurevery high radiance valueswithout saturation.
When information from the four exposures are used together, a
non-linear quantization of sceneradianceis obtained.

sultsin adynamic range of 20 log 255 = 48.13 decibels.

In the case of an SVE camera, the minimum gray level
remains I,,;, = 1, but the maximum detectable gray level
becomes I,.ax €maz /€min WHEF€ €4, aNd €, are the
maximum and minimum exposures used in the exposure
pattern. Hence, the dynamic range of an SVE camerais

Imax max
DRyye = 20 log -maz fmaz

min €min

3

In Figure 1, we have four exposures. Let us assume these
arees = 4ey = 16e; = 64eq. Then, the dynamicrangeis
20 log (255 x 64) = 84.25 decibels, which isa dramatic
increase with respect to a conventiona imaging system.

5 Number of Gray Levels

As seen from Figure 3, each exposure is uniformly quan-
tized but the set of four exposures together produce a non-
uniform quanti zation of scene radiance. As noted by Mad-
den [Madden, 1993], this non-uniformity can be advanta-
geous as it represents a judicious allocation of resources
(bits). Though the difference between quantization levels
increases with scene radiance, the sensitivity to contrast
remains more or lesslinear. Thisisbecause contrast is de-
fined as brightness change normalized by brightnessitsealf.

We now determine the total number of gray levels cap-
tured by an SVE imaging system. Let thetota number of
guantization levels produced at each pixel be g (256 for
a 8-bit detector) and the number of different exposuresin
the pattern be K. Then, as seen from Figure 3, a tota of
g K levelsliewithinthe range of measurable radiance val-
ues. However, as seen from the figure, the output ranges
of the different exposures overlap with each other and, for
certain sets of exposures, the quantization levels for the
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different exposures can exactly coincidein the overlap re-
gions. Thus, onemay consider only thequantizationlevels
contributed by the highest exposure within any given over-
lap region. Then, the total number of unique quantization
levels can be determined to be:

’ +I§R (6-0-6-02) . @

where R(z) rounds-off x to the closest integer. For an 8-
bit detector with an SVE pattern with four exposures such
that e = 4ep_1, thetota number of unique quantization
levelsis found to be @ = 869, which is a considerable
improvement over ¢ = 256 for just the image detector.

Q =

6 Spatial Resolution

In a conventional imaging system, the number of sensing
elements (pixels) on the detector and the field of view that
is projected by the imaging optics onto the detector deter-
mine the spatial resolution of the system. It is important
to notethat in a SVE imaging system the number of pixes
remain the same and thereforethereisno lossin resolution
due to the sampling process. However, areduction in res-
olution results from the fact that some of the pixels with
high exposure are expected to be saturated and some of
the ones with very low exposure are expected to produce
low and noisy intensities. The goa here is to reconstruct
a high dynamic range image despite the presence of these
saturated and low intensity measurements. We will briefly
describe two algorithmsfor this purpose.

6.1 Image Reconstruction by Aggregation

The simplest approach is to average the loca brightness
values produced by different exposures. At first glance,
this might appear to be a crude approach to the problem.
However, it has desirable dynamic range attributes and
does not reduce resolution as much as one might expect.

Let us assume that the captured SVE imageis M (4, j) and
the reconstructed high dynamic range image is M, (¢, j).
Consider the exposure pattern shown in Figure 1. The
aggregation method simply convolves the captured image
with a2 x 2 box filter, which yields the average of the
four brightness values it is applied to. This average value
isassigned to center of the four pixels, thereby producing
an image that is offset from the original image by half the
distance between pixels, in each of the two dimensions.

Note that any 2 x 2 set of pixelsin the SVE image will
include pixels with four different exposures. Therefore,
if the underlying scene radiance is smoothly varying, all
four pixels will correspond to roughly the same radiance
and the averaging process resultsin apiece-wise linear re-
sponse function like the one shown in Figure 4. Thisre-
sponse functionis obtained by simply adding the response
functions for the four exposures shown in Figure 3. The
break pointsbetween the linear segments are caused by the
different saturation pointsof the individual response func-
tions. Overall, the function in Figure 4 is a gamma-like
function with gamma greater than 1. In practice, thissim-
ple aggregation method works well except at sharp edges
where resolutionis slightly reduced.
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Figure 4: Simple aggregation of the local brightness values pro-
duced by the set of different exposuresresultsin an effective re-
sponse function with a wide dynamic range and a gamma-like
non-linearity.
6.2 Image Reconstruction by Interpolation

If our goal isto ensure that the final resolution is close to
the actual CCD resolution, a better reconstruction method
isneeded. For this, wefirst discard dl saturated as well as
low intensity (noisy) brightness values using appropriate
thresholds. Then, al remaining brightnessvalues M (¢, §)
are normalized by their respective exposures to obtain the

scaled radiance estimates M (¢, 7).

The reconstruction problem may be posed as one of es-
timating the discarded brightness values. However, the
undiscarded normalized brightnessva ues may themselves
be noisy. Therefore, rather than finding estimates for just
the discarded brightness values, we find the surface that
best fits the undiscarded val ues and then resampl e this sur-
face to obtain the compl ete reconstructed image. For this
we define two sets of pointsin image space, namely, on-
grid points that correspond to the pixel locations and off-
grid points that lie in between the pixel locations. Our
algorithm has two steps. First, we compute al off-grid
points from the undiscarded on-grid points. Then, wein-
terpolate all off-grid pointsto obtain the on-grid ones.

As an example, we use cubic interpolation which is close
totheideal sincinterpolation. Let M,(i 4+ 0.5, j+ 0.5) be
the set of off-grid brightness values located at the centers
of dl setsof four pixels. If the M, valueswere known, the
desired on-grid brightnesses M, (4, j) can be determined
by cubicinterpolationas: M, (i, j) =

m=3n=3

SN F(L5—m, 1.5 —n) M,(i—1.54m,j—1.5+n)

m=0n=0

(5
where f is the cubic convolution kernel. We would like
to find the M, values that minimize the error between the
normalized measurements and the reconstructed image. If
we focus on a specific off-grid point, then (5) can be writ-
tenin vector form as:

MI’ = FM07 (6)

where, vector M, includes 16 x 1 on-grid brightnessval-
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ues, matrix F includes 16 x 49 cubic convolution ker-
nel elements and vector M, includes 49 x 1 off-grid
brightness values. We do not know the on-grid estimates
M., but rather only the undiscarded on-grid measurements

M (i, §). If these measurements are used we get:

M = FM,, 7)
where, M is N x 16. Notethat N = 16 when none of
the on-grid measurements are discarded within the span
of the interpolation kernel, and N < 16 when some of
measurements are discarded due to saturation or low in-
tensity. Since thisis an underdetermined system of equa
tions, M, can befound by using the pseudo-inverse F~ =
FT(FFT)~1

M, = F~ M. (8)

Onceall theoff-grid brightnesses M, (i+0.5, j+0.5) have
been determined, they can be used in (5) to determine all
the on-grid brightness values M, (i, j) that make up the
reconstructed high dynamic range image.

7 Experiments

We are currently devel oping a prototype SVE camerawith
on-board image reconstruction capability. Meanwhile, we
have conducted several experimentsto verify the feasibil-
ity of SVE imaging. In these experiments, the SVE im-
age was simulated by combining pixels from four differ-
ent images taken with exposurese;, = ey _1 Ry x—1, Where
Ry, ,_1 arethe exposure ratios. It isimportant to note that
the simulated SVE image is exactly what an imaging de-
vice would produce with the appropriate optical mask in-
corporated intoit.

Figures 5(a)-(d) show four images captured with a digital
camera using the exposure ratios Ry, 1 = 2. The scene
includes two regions that are separated by a panel in the
middle that casts a very strong shadow on the right half of
the scene, while the left half is brightly lit. As expected,
the dark areas produce near-zero (noisy) brightness values
inthe low exposureimage, and saturated brightnessvalues
in the high exposure image. In short, none of the four im-
ages provide useful brightness values at al pixels. The
corresponding SVE image is shown in Figure 5(e) (see
inset image for details). The high dynamic range image
shown in Figure 5(f) was computed from the SVE image
using the aggregation algorithm. Thisimage is brightness
enhanced to show that the entire scene is captured despite
the significant radiance variationswithin it.

Figures 5 (g)-(n) show magnified results for a very dark
scene region (A) and a very bright region (B). As shown
in Figures 5 (g) and (k) the lowest and highest exposures
produce poor results for these regions. The best exposures
for these regions are different as shown in Figures 5 (h)
and (1). For both regions, the output of the SVE method
is comparable in brightness quality and resolution to the
images produced by the best exposures.

Figures 6 (a)-(d) show four differently exposed images of
a scene that includes indoor and outdoor regions. In this
case the exposure ratios used were Ry, 1 = 4. Again,
each of theseimages iseither saturated or too dark (noisy)
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for some part of the scene. The high dynamic range image
in Figure 6(f) was computed from the SVE image in Fig-
ure 6(e) using the cubic interpolation a gorithm. The wide
dynamic range of thisimage was compressed to more ef-
fectively display the richness of information captured by
the SVE method.

8 Response Function from a Single I mage

In our discussions, we have assumed the response function
of theimaging system used to construct the SVE system to
be linear. However, most imaging systems are non-linear.
Measured brightness M is related to the corresponding
scaled radiance I as I = f(M), where f is the unknown
response function. Methods for computing response func-
tions from multiple images of a scene taken under differ-
ent exposures have been presented in [Debevec and Malik,
1997] and [Mitsunaga and Nayar, 1999].

We now show that a single SVE image of an arbitrary
scene is sufficient to compute the response function f of
an imaging system. This results from the fact that embed-
ded within the image are brightness measurements corre-
sponding to different exposures e . First, the SVE image,
say with four different exposures, is decomposed by sub-
sampling into four images that correspond to different ex-
posures. Then, a simple loca brightness variance test is
applied to al four images to identify (reliable) pixels that
have more or less constant brightness around them. The
above decomposition and constancy test result in the map-
ping of brightnessvalues M (i, j) inthe SVE imageto val-
ues M, , wherep = 0, 1, ... P represent pixel locationsin
the decomposed image space and k = 0, 1, ... K represent
the discrete exposures.

In [Mitsunaga and Nayar, 1999], a polynomial mode! is
used for the response function:

N

> e M” (9)

n=0

where, ¢,, are the unknown coefficients of the polynomial
and N isitsorder. Since the ratio of scaled radiance for
two exposures at the same pixel equals theratio of the ex-
posures, we have:

Ip,k _

= Rpk-1 (10)

Ip,k—l

where, Ry, ;1 = ex/ex_1. Substituting (9) in (10) we get
an expression where the coefficients c,, of the polynomial
are the only unknowns. Using al the stable measurements
M, i, thecoefficientsc,, are estimated by theleast-squares
method (see [Mitsunagaand Nayar, 1999)).

Figure 7 shows an SVE image that includes four different
exposures of the same scene withratios Ry, ;1 = 4. The
above procedure was applied to the image to obtain the
response function (solid curve) shown in Figure 8. The
accuracy of this function was verified using a calibration
color chart with several patches of known reflectances (see
circlesin Figure 8).

Authorized licensed use limited to: Texas A M University. Downloaded on February 23, 2009 at 11:43 from IEEE Xplore. Restrictions apply.



NORMAL CCD CAMERA IMAGES (8-BIT)

i
i

(a) Exposure: T (b) Exposure: 2T (c) Exposure: 4T (d) Exposure: 8T

SVE IMAGE (8-BIT) COMPUTED IMAGE
e

MAGNIFIED IMAGE REGIONS

A.‘

(g) Exposure: T (h) Best exposure: 8T (i) SVE Image (j) Computed Image

1
:
.

S :
(k) Exposure: 8T (1) Best exposure: T (m) SVE Image (n) Computed Image

Figure 5: Experimental results on SVE imaging. (a)-(d) Images taken with an 8-bit digital camera using four different exposures.
Eachimageis either too dark (noisy) or saturated for some part of the scene. (e) The corresponding SVE image. (f) The high dynamic
range image computed from the SVE image using the aggregation algorithm. This image is histogram equalized to show that the
entire range of scene radiances was successfully captured. (g)-(n) Magnified results for regions A and B shown in image (f). Note
that the best exposures (see (h) and (1)) for theseregions differ by afactor of 8. Yet, the computed image demonstrates high brightness
quality and resolution for both these regions. (See [CAVE Website, 2000] for color figures).
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NORMAL CCD CAMERA IMAGES (8-BIT)

(a) Exposure: T

(©) Exposure 16T (d) Exposure: 64T

SVE IMAGE (8-BIT) COMPUTED IMAGE

Figure 6: Experimental results on SVE imaging. (a)-(d) Images taken with an 8-bit digital camera using four different exposures.
The sceneincludesindoor (dark) and outdoor (bright) regions. Thisis a classic example of the type of scene that cannot be captured
with any reasonable quality using an 8-bit sensor. All four images are either too dark in the indoor regions or too bright in the
outdoor region. (e) The SVE image. (f) The high dynamic range image computed from the SVE image using the cubic interpolation
algorithm. Since it hard to print/display the entire dynamic range of the computed image, we have used dynamic range compression
to bring out the prominent scene features. (See [CAVE Website, 2000] for color figures).

1063-6919/00 $10.00 ® 2000 IEEE

Authorized licensed use limited to: Texas A M University. Downloaded on February 23, 2009 at 11:43 from IEEE Xplore. Restrictions apply.



UnFORD

Advancea
~arner’s

WARY

Figure 7: An SVE image with an exposure pattern that includes
four discrete exposures.
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Figure 8: The response function (solid curve) of the imaging
system computed from the single SVE image shown in Figure 7.
The circles are samples of the response function obtained using
acalibration color chart.
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