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ABSTRACT

This paper presents an approach for improving the ef-
fective dynamic range of cameras by using multiple pho-
tographs of the same scene taken with different exposure
times. Using this method enables the photographer to accu-
rately capture scenesthat contain ahigh dynamicrange, i.e.,
scenesthat have both very bright and very dark regions. The
approach requires an initial calibration, where the camera
response function is determined. Once the response func-
tion for acamerais known, high dynamic range images can
be computed easily. The high dynamic range output image
consists of a weighted average of the multiply-exposed in-
put images, and thus containsinformation captured by each
of the input images. From a computationa standpoint, the
proposed algorithm is very efficient, and requires little pro-
cessing time to determine a solution.

1. INTRODUCTION

Intensity values of scenes in the real world can have a very
broad dynamic range. This is particularly true for scenes
that have areas of both low and high illumination, such as
when there are transitions between sun-lit areas and areas
in shadow. Unfortunately, al image capture devices have
alimited dynamic range. For digital cameras, the dynamic
range is limited by the charge-coupled devices (CCD) and
analog-to-digital conversion (ADC); film characteristicslim-
it the dynamic range of traditional cameras.

When capturing a scene which containsadynamic range
that exceeds that of the camera, therewill be aloss of detail
in either the lowlight areas, the highlight areas, or both. One
may vary the exposure to control which light levels will be
captured, and hence which light levels will be lost due to
saturation of the camera’'s dynamic range. Here, we will
consider only variation of the exposure time, i.e., the dura-
tion for which the light sensing element (CCD or film) is
exposed to light from the scene. By increasing the expo-
sure time, one may get a better representation of lowlight

areas, at the cost of losing information in areas of high il-
lumination; an example of thisis shown in fig. 1(h). Sim-
ilarly, by using a reduced exposure time, one may sacrifice
lowlight detail in exchange for improved detail in areas of
high illumination; this is demonstrated in fig. 1(d). How-
ever, if the photographer desires an accurate representation
of both low- and high-light areas of the scene, and the dy-
namic range of the scene exceeds that of the camera, then
itisfutileto adjust the exposure time—detail will definitely
be lost, and varying the exposure time merely allows some
control over where the loss occurs.

Increasing the dynamic range of images using multiple
exposures of a scene has been examined before[1, 2, 3, 4].
However, there are several limitations with these methods.
In[2, 3, 4] alinear response is assumed for the capture de-
vice, i.e., the observed pixel valuesarelinearly related to the
amount of input light, or irradiance. Since camerasin gen-
era (and consumer cameras in particular) will not provide
a linear response, the methods in [2, 3, 4] are not widely
applicable. These same three methods also estimate a high
dynamic range pixel value based on only one input pixel,
namely, that input pixel which was taken with the highest
exposure time yet remained non-saturated. The reason for
using only the oneinput pixel is dueto quantization effects:
Since observed pixel values arise from quantization of the
product of the exposuretime and thelight present, the quan-
tization error for the light will be lower for higher exposure
times. However, rather than using only one input pixel, a
better method would take advantage of all data present, and
compute an estimate which gives higher weights to pixel
values obtained with higher exposure times.

In[1], the response function of the camerais estimated,
thus satisfactorily dealing with one limitation of the afore-
mentioned methods. Furthermore, an average of all input
pixelsisused to determinethe high dynamic rangelight val-
ues. However, [1] does not give higher weightsto pixel val-
ues taken at higher exposures, and thus this method leaves
room for improvement.

This paper proposes a new method of increasing the dy-



Figurel: [e [ f [ 9 [ h | FEight pictures of astatic scene taken at different exposure times. The camera used was a Nikon
E2N, and the image resolution is 640 x 500. The exposuretimes are (a) 1,/1000 sec. (b) 1/500 sec. (c) 1/250 sec. (d) 1/125

sec. (e) 1/60 sec. (f) 1/30 sec. (g) 1/15 sec. (h) 1/8 sec.

namic range of images by using multiple exposures. This
method finds satisfactory ways of dealing with the problems
of the algorithms reported above. In particular, the response
function of the image capture device is estimated, thus cre-
ating a versatility in our algorithm compared to those al-
gorithms that assume a linear response. Furthermore, the
problem of how heavily to weight the variousinput pixelsis
addressed.

Section 2 introducesthe observation model for thiswork.
The maximum likelihood solution of the high dynamicrange
image for known cameraresponseis givenin Section 3. For
unknown camera response, Section 4 discusses how the re-
sponse function can be estimated. Experimental results are
presented in Section 5, followed by concluding remarks in
Section 6.

2. OBSERVATION MODEL

Assume there are N pictures taken of a static scene, with
known exposure times ¢;,i = 1,...,N. The j** pixel of
the i*" exposed image will be denoted y,;; the set {y;;}
represents the known observations. The goal hereisto de-
terminethe underlying light values or irradiances, which we
denote by «;, that gaverise to the observations ;.

Since only the exposuretimeis being varied, the amount
of light contributing to the output value y;; will be t;x;.
To account for image capture noise, we introduce an addi-
tive noiseterm, IV, which also contributesto the observed

pixel values. Thequantity ¢,x; + N;; isthen mapped by the

camera's response function f(-) to give the output values
yij = f(tiz; + Nj3). (1)

Since y;; are digital numbers, f(- - -) maps the positive real
numbers Rt = [0,00) to an interval of integers,
O = {0,...,255} for 8-hit data. Without loss of general-
ity, this paper assumestheimage datais 8 bits. We explicitly
write the cameraresponse function as

{ 0 if z¢e [0710]

m  ifzé€ (Imo1,Im],m=1,...,254 |
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f(z) =

2
and thus f(-) is defined in terms of the 255 numbers I,,,
m = 0,...,254. For alinear response function, such asin
[2, 3, 4], the I,,, values would be evenly spaced; in general,
however, thiswill not be true.

3. HIGH DYNAMIC RANGE IMAGE WITH
KNOWN RESPONSE FUNCTION

We wish to estimate theirradiances « ; with adynamicrange
higher than that of the original observations. The observa-
tionsare in the range space O of the response function f(-),
and the desired result belongsto the domain of f(-), R*. If
the function f(-) is known, as is assumed in [2, 3, 4], we
can define a mapping from O to R+ as

F yiy) tizy + Ni; + Niqj (3

= Iyn .



When determining f ! (m), one knows only that it belongs
to the interval (I,,—1,I,]. The ij noise term above ac-
counts for the uncertainty in assigning f ~*(m) = I,,,, and
is a dequantization error. One should keep in mind that
f~Y(-) is not a true inverse, since f(-) is a many-to-one
mapping.

Rewriting (3),

The noise term N;; consists of the noise term introduced
in Section 2, as well as the dequantization uncertainty term
N{,. The N;; terms will be modeled as zero-mean indepen-
dent Gaussian random variables, with variances afj .

Note that accurately characterizing the variances afj
would be extremely difficult, as it would require detailed
knowledge of the specific image capture device being used.
One would have to characterize each of the separate noise
sources that compose N;;, which would be a complicated
task. This process would need to be performed each time
adifferent device is used to capture the image data. There-
fore, rather than attempting this, the variances will be cho-
sen heuristicaly.

It will be convenient in the following to replace the vari-
ances with weights, w;; = 1 /afj. The concept of weights
is intuitive, and serves to ease the notational burden. The
weights are chosen based on our confidence that the ob-
served data is accurate. Here, an approach similar to that
of [1] istaken. The response function of acamerawill typi-
cally be steepest, or most sensitive, towardsthe middle of its
output range, or 128 for 8-bit data. As the output levels ap-
proach the extremes, 0 and 255, the sensitivity of the camera
typically decreases. For this reason, a weighting function
will be chosen such that values near 128 are weighted more
heavily those near 0 and 255. The function chosen hereis a
Gaussian-like function,

(y7j B 1275)2) , (5)

wi; = wi;(yij) = exp (_4 . (127.5)2

but scaled and shifted so that w;;(0) = w;;(255) = 0, and
w;;(127.5) = 1.0. This choice of weighting function im-
plies that we have very low confidence in the accuracy of
pixel values near 0 and 255, while we have high confidence
in the accuracy of pixel values near 128. The weighting
functionis showninfig. 2.

From (4), I,,,, are independent Guassian random vari-
ables, andthejoi nt probability density function can be writ-
ten as

P(I,) o exp {— Zwij (I, — tixj)Q} . (6)
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Figure 2: Weighting function, w;;.

Here, a maximum-likelihood (ML) approach will be taken
to find the high dynamic rangeimage values. The maximum-
likelihood solution finds the x ; values which maximize the
probability in (6). Maximizing (6) is equivaent to minimiz-
ing the negative of its natural logarithm, which leads to the
following objective function to be minimized:

Ox) = wij (I, — tiz;)”. @)
iyJ

Equation (7) is easily minimized by setting the gradient
VO(x) equal to zero. Thisyields

L 2o wigtidy,
Tj = Z w12 )
ARtV )

the desired high dynamic range image estimate. Note that
data from images taken with longer exposure times are
weighted more heavily, as indicated by the ¢; term in the
numerator of (8). Thus this method takes advantage of the
quantization effects utilized in [2, 3, 4]; however, here a
noise-reducing averaging is being performed, which utilizes
datafrom all input pixels.

Equation (8) requires that the I,,, values (i.e., the re-
sponse function) be known. In general, however, the re-
sponse function is not known. The following section de-
scribes how to determine the response function in an initial
calibration step. When using the same camerain the future,
the calibration step is unnecessary, and (8) may be directly

applied.

©)

4. FOR UNKNOWN RESPONSE FUNCTION

Except in very specialized situations, the camera response
function will not be known, and must be estimated before
attempting to use (8). To uniquely determine the response
function, the255values1,,,m = 0, ..., 254 must befound.



At first glance, one may consider directly using the ob-
jective function in (7) to determine the I,,, values needed
to define the response function. Note that in order to esti-
matethe I,,, valuesfrom (7), the z ; values are also unknown
and need to be estimated simultaneously (if the x ;'s were
aready known, there would be little need to estimate the
I,,’sl) Thus, the objective function for the case of unknown
response function is

O(I7 X) = Z Wi (I'!/u - tﬂ?j)Q . (9)
1,3

An additional constraint on the response function is re-
quired when estimating I and x together using (9). Thisre-
striction on f(+) isin regard to scale. Note that the scale of
the high dynamic range image estimates £ ; is arbitrary—in
order to be viewed, these £ ; need to be mapped to a usable
range, {0, ...,255} for 8-bit display. Since the scale of Z ;
is directly dependent on the scale of I,,,, we will constrain
the estimates for the I,,, values such that 7155 = 1.0. Thisis
enforced by dividing each of the 1,,,’s by I;s.

A form of Gauss-Seidel relaxation will be used to de-
termine the response function. Seidel relaxation minimizes
an objective function with respect to a single variable, and
then uses these new val ues when minimizing with respect to
subsequent variables. Here, (9) will first be minimized with
respect to each 7,,. Then the restriction mentioned above
is enforced. Findly, (9) will be minimized with respect to
each z;. Thiswill constitute one iteration of the algorithm.

The initial T for the first iteration is chosen as a linear
function, with flgg = 1.0. Theinitial % for thefirst iteration
is chosen according to (8), using theinitial linear 1.

First, to minimize with respect to I,,,, the partial deriva-
tive of (9) with respect to I,,, is taken and set equal to zero.
Thisyields

A 1
Tn = Cad(E,,)

Z til'j, (10)

(4,5)EEm

wheretheindex set F,,, isdefined as

E, = {(Zaj) “Yig = m}7 (11)

the set of indices such that m was observed for the input
images. Card(E,,,) isthe cardindity of E,,,, i.e., the number
of times m was observed.

After scaling the response function such that I19s = 1.0,
minimization is performed with respect to each = ;. This
merely involves using (8). This completes one iteration of
the algorithm, and the process is repeated until some con-
vergence criterion is met. The convergence criterion used
here is for the rate of decrease in the objective function to
fall below some minimum threshold.
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Figure 3: Cameraresponse function, f(-).

5. EXPERIMENTAL RESULTS

Figure 1(f) shows a photograph of a scene with a broad dy-
namic range taken at what might be considered a “normal”
exposure setting. From the picture, one notices that there
is little detail visible in either the very bright or the very
dark regions. Simple contrast stretching in the dark regions
results in noisy-looking image areas; contrast stretching in
the very bright regions does little good, due to the saturated
pixel values. Thus, a scene such asthisis an excellent can-
didate for the algorithm discussed in this paper.

Figure 3 shows the response function determined by the
algorithm discussed in this paper when applied to the eight
images in fig. 1. Note that the response function is not a
simplelinear function, and thus use of algorithms such asin
[2, 3, 4] would have been inappropriate for this camera.

The z; values which were found while determining the
response function are the ultimate variables of interest. For
viewing purposes, the full range of 2 ; values was linearly
mapped into [0, I554]; the function f(-) was then applied to
these values. This has the effect of simulating the output
of the camera if the exposure time was set such that the
maximum light value of the scene mapsto 254. The result
is showninfig. 4(a).

From fig. 4(a), it is apparent that the solution contains
accurate high-light information; however, it is not so appar-
ent that the low-light detail is present. To demonstrate that
accurate low-light detail isindeed contained in our solution,
we can usethe z; valuesto simulate the cameraoutput for a
high exposuretime. Thisisdoneby simply creating an 8-bit
image with the j" pixel valueequal to f(t4%;), wheret, is
the desired exposuretime. This result is shown in fig. 4(b)
forty = 1/3 sec. Note that thisis simulating camera output
for an exposure time not available on our camera. From the
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Figure4: High dynamic range output images. (a) Full dynamic range mapped to eight bits; (b) using high dynamic
range image data to simulate camera output for an exposure time of 1/3 sec.

figure, once seesthat low-light detail is also contained inthe
high dynamic range image data.

The high dynamic range image determined using the
method outlined here has several advantages over a single
image such as one of those in fig. 1. The image obtained
with our method has decreased noise, due to the averaging
of pixel valuesfrom each of the input images. Furthermore,
it contains information in both low- and high-light areas,
since the high dynamic range image consists of data from
each of the input images. Traditional image processing al-
gorithms (e.g., contrast stretching, histogram equalization,
edge detection, etc.) can be applied to the high dynamic
rangeimage with more accurate results, dueto theincreased
amount of information present.

For the example results just given, the high dynamic
range radiance map was found whil e estimating the response
function. Note, however, that once the response function for
a capture device has been determined, this process need not
be repeated when using that devicein the future. Instead, (8)
can be used to directly determine the desired high dynamic
range image values.

The convergence of the calibration step has been ob-
served to require approximately five iterations, which
amounts to roughly five seconds for eight input pictures of
size 640 x 500, running on a180 MHz PC.

6. CONCLUSION

This paper has introduced a method of increasing the ef-
fective dynamic range of digital cameras by using multi-

ple pictures of the same scene taken with varying expo-
sure times. If necessary, the method first estimates the re-
sponse function of the camera. Once the response function
is known, high dynamic range images can be directly com-
puted. These high dynamic range images contain accurate
representations of both low- and high-light areasin the im-
age, with decreased noise due to averaging of the input im-

ages.
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