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Abstract

This paper discusses a new framework to enhance image
and video quality. Recent advances in high-dynamic-range
image fusion and superresolution make it possible to extend
the intensity range or to increase the resolution of the image
beyond the limitations of the sensor. In this paper, we pro-
pose a new way to combine both of these fusion methods in
a two-stage scheme. To achieve robust image enhancement
in practical application scenarios, we adapt state-of-the-
art methods for automatic photometric camera calibration,
controlled image acquisition, image fusion and tonemap-
ping. With respect to high-dynamic-range reconstruction,
we show that only two input images can sufficiently capture
the dynamic range of the scene. The usefulness and perfor-
mance of this system is demonstrated on images taken with
various types of cameras.

1. Introduction
The quality of imaging sensors has increased tremen-

dously in the past years. The sensors have a greater amount
of pixels, a larger dynamic range and are available at a much
lower cost. This development in hardware occurs paral-
lel to software-based image enhancement, which was ini-
tially stimulated by the lack of inexpensive high quality sen-
sors. Even though image sensors will continue to improve
in the future, there are still applications in which hardware-
based image enhancement is not practical. For instance
large surveillance systems at airports and train stations usu-
ally employ a significant number of cameras, which may
easily exceed thousands. For such application scenarios
where the replacement of cameras entails changes in other
infrastructure components (e.g. data storage, data trans-
mission, power supply or operating software) the hardware
layer is considered irreplaceable for a long time period and
software-based enhancement is the only acceptable solu-
tion.

Beside the surveillance domain, image enhancement,
based on image fusion methods in particular, also finds ap-

Figure 1. Example of scene capture with two differently exposed
images.

plication in digital photography, text recognition, and face
identification, just to mention a few. For instance superreso-
lution (SR) provides a means to combine pixels contained in
multiple input images into one single enhanced image. Su-
perresolution works best with input images that can be ge-
ometrically aligned with subpixel accuracy and show little
photometric diversity. This provides redundant information
to make the reconstruction of high-resolution images pos-
sible. High-dynamic-range (HDR) fusion merges multiple
input images that have been captured with different expo-
sure settings to generate an image that has a larger dynamic
range (improved contrast) than any of the input images by
itself. High-dynamic-range fusion works best with input
images showing only little geometric but large photometric
variations. Such images introduce complementary informa-
tion necessary for increasing the dynamic range of the final
image.

Despite very active research in the two fields discussed
above, little attention has been paid to the relation of both
and to how to combine redundant and complementary infor-
mation in a proper manner. In this paper we propose a sys-
tem that utilizes superresolution and high-dynamic-range
fusion to generate substantially enhanced images specifi-
cally aiming at practical applications like surveillance cam-
eras. In those scenarios the acquisition of input images must
be done in real-time. The accuracy of the image alignment
is also increased by a shorter capturing time as fewer scene
changes can occur. Unfortunately, existing methods typi-
cally require a time-consuming recording of many differ-
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ently exposed images to generate high-dynamic-range im-
ages. We propose a system that minimizes this requirement
for the HDR fusion step to only two input images. These
can already capture most of the dynamic range of a scene,
even for extreme cases as shown in figure 1.

The complete system includes several steps: First, a cal-
ibration is perform to model the photometric properties of
the camera, that is estimating the camera response curve.
Second, an automatic image acquisition process is imple-
mented for capturing multiple input images with the varia-
tions necessary for proper image fusion. The input images
are taken under different views and with varying camera pa-
rameters like different exposure times. For the fusion steps,
photometric and geometric registrations are performed to
establish correspondences between pixels in the input im-
ages. Finally the image fusion with the aim to increase
the resolution and to maximize the dynamic range is car-
ried out.

Related work is discussed in the following section. Sec-
tion 3 presents the outline of the system. The high-dynamic-
range fusion step is explained in section 4. The superresolu-
tion step and its combination with the high-dynamic-range
reconstruction is described in section 5. Results of the pro-
posed method are discussed in section 6.

2. Related Work
Although a number of different methods have been pro-

posed to address the image enhancement problems outlined
above, very little attention has been paid to the combi-
nation of high-dynamic-range and superresolution fusion.
The most related work was done by Gevrekci et al. [7].
They consider the problem of performing superresolution
on input images with large photometric variations. Two
different methods are proposed to handle such input: The
first method uses the camera response curve to photomet-
rically align input images in the intensity domain. It is
demonstrated that the method performs better than the typ-
ically used affine photometric registration. The second
method transfers the input images into the radiance domain
where images are photometrically aligned by definition.
The superresolution estimation is then also performed in
the radiance domain hence producing high-resolution high-
dynamic-range images. In both cases the authors consider
the problem of how to photometrically register the input im-
ages for superresolution rather than how to introduce these
variations in a controlled way to perform HDR image fu-
sion. In that respect the high-dynamic-range fusion is not
explicitly addressed in their work. Choi et al. [2] use the
same maximum aposteriori (MAP) approach as Gevrekci et
al. [7] to estimate a superresolution image from input im-
ages showing large photometric variations. However, si-
multaneously to the superresolution estimation they also
compute the camera response curve (as a Hurter Driffield

curve which is a parameterized polynomial) needed for the
first step of the MAP approach. The estimation of the cam-
era response curve usually requires many differently ex-
posed images [3]. Both of the above approaches perform
SR fusion in the radiance domain. However, they rely on
each input image to capture both, photometric and geomet-
ric variation. We argue however that these two should be
acquired in two separate steps, so that both methods can be
optimized independently to achieve best fusion effects. This
for instance allows to reduce the number of input images as
far as possible.

High-dynamic-range imaging has been intensively stud-
ied in the past [3, 12, 13]. These approaches propose ways
to estimate the intrinsic photometric parameters of the cam-
era from differently exposed images and show how to com-
bine them to generate HDR images. However, a more prac-
tical case of using a minimal number of input images (e.g.
only two extreme exposures) was not considered. Kang
et al. [9] proposed a system which performs HDR fusion
on video data. They automatically acquire only two differ-
ently exposed images to allow for real-time image acquisi-
tion. After a complex offline registration step both inputs
are merged with a weighted average to generate an HDR
image. Eden et al. [4] address the problem of automatically
generating HDR panorama images from input images with
large geometric and photometric variations. As opposed to
previous work the final image is reassembled from the input
image pixels rather than simply averaged [3, 12, 13]. They
employ a graph-cut algorithm to decide which input image
contains the best pixel information. Although both methods
mentioned above address the problem of generating HDR
images from a minimal number of input images, in contrast
to our approach they do not consider superresolution to fur-
ther enhance the image.

3. System Overview
In this section the proposed system is discussed. It in-

cludes photometric camera calibration, controlled image ac-
quisition, image fusion and tonemapping. A schematic out-
line of the system is illustrated in figure 2. Details of the
HDR fusion and superresolution are presented in sections 4
and 5.

Photometric Camera Calibration For the high-
dynamic-range image fusion a camera response curve
needs to be estimated once for every camera [3, 12, 13].
We employ the algorithm of Debevec et al. [3] to estimate
the camera response curve from a set of differently exposed
images. This method exploits a physical property known as
reciprocity

~l = f(~e · t) (1)

which relates the captured intensity values (of a low-
dynamic-range image ~l) to the true irradiance ~e and expo-



sure time t. f is the camera response function which can be
considered a photometric warping function. The log-inverse
g(·) = ln f−1(·) is a discrete mapping from intensity into
radiance domain and is implemented as a look-up table. To
estimate g from N pixel correspondences at locations i us-
ing K input images, the following cost-function based on
a reconstruction term and a smoothing regularizer is mini-
mized:

O =
N∑

i=0

K∑
j=0

[
w(~lij) ·

(
g(~lij)− ln~ei − ln tj

)]2
+λ

Lmax∑
v=Lmin

(
w(v) · ∂

2g

∂v2
(v)
)2

(2)

Solving this least-squares problem, simultaneously esti-
mates look-up table g corresponding to the log-inverse of
camera response function f and irradiance ~e at the loca-
tions of the correspondences. In the areas close to satu-
ration this cost-function is not well defined. Therefore a
weighting function w(·) is applied to give less weight to
the intensity values in those critical areas. To achieve more
robustness against noisy measurements a regularizing term
is added, which favors smooth solutions with a low second
order deviation ( ∂2g

∂v2 ) within the considered intensity range
v ∈ [Lmin, Lmax]. Other methods could be used for this
step as well, for instance the algorithm from Mann et al.
[12] produced similar results in our experiments.

Controlled Image Acquisition For the fusion methods
two input sequences are acquired consecutively. The im-
ages for the HDR fusion need to capture different intensity
ranges. This variation is controlled by taking one image
with an exposure time below the auto exposure settings and
a second one with an exposure time chosen above these set-
tings. Depending on the camera type this is achieved by
programmatic means (e.g. when using a webcam) or man-
ually (e.g. when using a digital handheld camera). In the
latter case all necessary information about the camera set-
tings can be extracted from the EXIF-tags. For the superres-
olution input, multiple images with auto-exposure settings
are recorded. These must be taken from slightly different
viewpoints to captured enough statistics of the scene. Many
surveillance cameras are based on pan-tilt-zoom units al-
lowing for programmatic control of capturing such images.
A schematic outline of the controlled image acquisition is
shown in figure 2.

Image Fusion Multiple images need to be fused to gener-
ate results that exceed the physical limitations of the sensor,
that is to generate images with higher resolution and with
a larger dynamic range. Prior to image fusion, a geometric
alignment of the input images is required to compensate for
the camera motion. We assume scenes with a camera mo-
tion that can be described by a 8-DOF homography. This

Figure 2. Overview of the system: the HDR result is enhanced by
SR to produce the final image.

assumption holds for planar scenes, cameras which are far
away from the scene and for images taken by a camera rotat-
ing around its center like PTZ surveillance cameras. Since
superresolution requires sub-pixel accurate alignment, only
static parts of the scene can be enhanced in terms of reso-
lution. We employ the dual inverse compositional intensity
based approach proposed by Bartoli [1]. The algorithm si-
multaneously estimates photometric (affine) and geometric
(perspective) registration parameters. After the input im-
ages have been aligned to each other, an HDR image is com-
puted (see section 4 for details). This image is used as an
initialization of the superresolution algorithm. The super-
resolution then enhances only those areas for which the SR
input images contain meaningful pixels (e.g. non-saturated
areas). For the saturated parts the HDR image already con-
tains the best information from the differently exposed in-
puts and hence it is left unchanged (see section 5 for de-
tails). To improve the saturated areas even further, multiple
differently exposed input images would have to be used for
the superresolution. However this would significantly re-
duce the processing speed and complicate the acquisition
process. Figure 3 visualizes the contribution of each fusion
method to the final image. As described in section 5 the su-
perresolution is performed in the radiance domain. Thus the
final image is a superresolution high-dynamic-range image,
which needs to be tonemapped for visualization. For video
processing this procedure has to be repeated for each frame.

Tonemapping Pixels in an HDR images (radiance do-
main) lie in a range far greater than what can be visualized
(intensity domain, e.g. 256 values). Tonemapping meth-
ods compress these radiance maps into the intensity domain
with the focus on maintaining as much detail in the final
image as possible while still retaining a realistic look. We
employ the gradient domain fusion proposed by Fattal et
al. [6] as it produces very good results and allows to boost
weak details in the final image even further than other ex-



Figure 3. Visualization of HDR and SR contribution to the final
image.

isting methods [11, 10]. The key idea behind this method is
to generate an attenuation matrix which indicates for each
gradient pixel in the high-dynamic-range image whether it
should be amplified or suppressed. The gradients of the
high-dynamic-range image are then modified according to
this attenuation matrix. The final image is recovered from
this modified gradient field by solving the poisson equation:
∇2I = divG, where ∇2 denotes the Laplace-operator of
the image I that is to be recovered and divG represents the
divergence of the modified gradient field. The reconstructed
image is then post-processed by automatic adjustment of
brightness, contrast and saturation.

4. High-Dynamic-Range Fusion

Previously proposed high-dynamic-range methods use
many differently exposed input images to generate the HDR
image [3, 12, 13]. Unfortunately, in a practical scenario the
acquisition of many differently exposed images takes too
much time. However even only two images with properly
chosen exposure times contain complementary information
which already represent a dominant fraction of the true dy-
namic range of the scene (see figure 1). Moreover, in these
methods the fusion is based on simple weighted average in
the radiance domain, which produces unsatisfying results
if just two input images are used. This is due to the fact
that only one of the images contains the best appearance of
a specific pixel and averaging with the corresponding one
in the other image only degrades the quality. We therefore
adopt the approach introduced by Eden et al. [4] where the
final image is reassembled from the two input images. A
labeling process decides for each pixel in the result image
from which input image to copy the intensity information.
A simple method would be to generate labels pixel-wise de-

pending on which of the two input intensity values is less
saturated. However this produces very inconsistent masks,
which lead to visible seams if the photometric registration
(e.g. the camera curve estimation) is not very accurate. To
avoid this problem the labels in the neighborhood also need
to be considered for every pixel location (e.g. 4-connected
pixel neighbors). Thus two neighboring pixel are assigned
to different labels only if this does not introduce a visible
seams. Unlike [4] our cost function in the labeling process
makes use of the camera response function. Similar label-
ing problems have been faced in other domains, for instance
image segmentation, image rendering (seamless merging of
overlapping images), dense stereo and object extraction (in-
telligent scissors). To solve the binary labeling problem a
cost-function is formulated as follows:

F =
∑
i,j

V (~bi,~bj) +
∑

i

D(~bi) (3)

where ~b denotes the binary label mask, V (·) is a seam-cost
and D(·) is a data-cost function that specifies how well
the current label fits to the image data at pixel position i.
Clearly, the data- and the seam-cost depend on the two in-
put images. The data-cost favors the label of the image with
a less saturated pixel value at this location. This aims at
generating a final image with as little saturated areas as pos-
sible. The data-cost is formulated as:

D(~bi) =
∂g

∂l

(
~l

~bi
i

)
(4)

where ∂g
∂l denotes the deviation of the log-inverse g of

the camera response function and ~l
~bi
i denotes the intensity

value of image with label ~bi at the pixel location i. Since g
is a mapping from low-dynamic range into high-dynamic-
range, steep parts of the curve indicate that a small change
in intensity values is mapped to a large change in irradiance
values. In these areas the dynamic range of the sensor is in-
sufficient to capture the dynamic range of the scene, which
results in image saturation. Therefore the deviation of the
log-inverse g is an appropriate measure for saturated pixels.

The seam-cost function should favor consistently labeled
regions to prevent the final label from scattering. Further-
more the cost-function should allow neighboring pixel loca-
tions (e.g. i and j) to be assigned different labels only when
the corresponding intensity values do not introduce a seam.
The edge-cost function is formulated as follows:

V (~bi,~bj) = |~e ~bi
i − ~e

~bj

i |+ |~e
~bi
j − ~e

~bj

j | (5)

where ~e
~bj

i is the radiance at position i of the image with la-
bel~bj . If the two neighboring labels~bi and~bj are equal this
cost is zero, hence favoring large areas with homogeneous
labels. If the neighboring labels are different then the cost
can be considered as a seam measure. The value depends
on how similar the two input images are at these neighbor-
ing pixel locations. We used the standard graph-cut method



described and implemented in Szeliski et al. [14] to solve
this discrete optimization problem of binary labeling with
a cost-function F . The resulting label mask determines the
source image for each pixel in the final image (see left side
of figure 4 for an example). To generate the final HDR im-
age, irradiance values from the input images are transfered
to the final image composite. The input images are pho-
tometrically aligned in the radiance domain per definition,
thus hardly any seams are visible.

Different input images do not have to be perfectly reg-
istered for the HDR fusion, because in contrast to previous
methods the final image is reassembled from the input im-
ages and not generated via a weighted average [3, 12, 13].
The main camera motion needs to be compensated, e.g. us-
ing a global 8-DOF homography. Small dynamic scene mo-
tion (e.g. a pedestrian passing by or a tree moving in the
wind) does not introduce any artifacts since the label mask
generation ensures that all pixels for this moving object are
taken from only one of the input images.

Figure 4. Sample masks corresponding to results shown in figure
8. Left: binary mask generated for HDR fusion; in black areas
pixels are transfered from the image with short exposure time and
in white areas the image with long exposure time is used instead.
Right: weighted mask generated for HDR-SR fusion; in white ar-
eas superresolution is performed.

5. Superresolution
Some areas of the previously computed HDR image can

also be captured with auto-exposure settings. A number of
such low-resolution views can then be used to increase the
resolution in these areas via superresolution. Many of the
previously proposed superresolution methods [5] could be
adapted to enhance an HDR image. In this work we extend
the iterative back-projection algorithm (IBP) [8] because
it can be efficiently implemented allowing for processing
of typical consumer images (e.g. resolution 1024 × 768).
A direct extension of the IBP is to apply the algorithm
to irradiance images rather than to the low-dynamic-range
images. We use the upscaled precomputed low-resolution
high-dynamic-range image as the initial superresolution es-
timate and run the IBP algorithm to perform superresolution
on irradiance values for the non-saturated areas.

In the original IBP algorithm [8] all images are consid-
ered to have a low-dynamic-range. Given multiple low-
resolution images~l representing slightly different views, the

image rows can be concatenated into vectors and stacked
onto each other to form an input image matrix L. Further-
more, assume that registration parameters which map all
input images to one reference image are given, as well as
the blur of the camera system (defined by the pointspread
function of the camera) and the desired enlargement factor.
Using these parameters, one can construct a system matrix
M that maps a superresolution image ~h onto low-resolution
images: M · ~h = L. If the true ~htrue is used then the
observed low-resolution images L and the generated low-
resolution images M · ~htrue should be equal. One way
to solve this system of equations is to use iterative back-
projection. The estimated image ~hn is refined using the fol-
lowing iterative scheme: ~hn+1 = ~hn + kBT (L−M · ~hn),
where B is the back-projection matrix that upscales and
blurs the difference between the observed and generated
low-resolution images. Usually, the initial superresolu-
tion estimate is the upscaled average of the input images.
This iterative update can be reformulated by substituting the
low-dynamic range superresolution estimates ~hn with high-
dynamic range superresolution estimates ~qn and by using
the relation between low-dynamic range and high-dynamic-
range images shown in equation 1

~qn+1 = ~qn + kBT ·W · (exp(g(L)− ln t)−M · ~qn) (6)

where g is the look-up table corresponding to the cam-
era response curve and t is the exposure time of the low-
resolution and low-dynamic-range input images. It is im-
possible to reconstruct the true irradiance ~q for a given in-
put image in under- or over-exposed areas. Hence a differ-
ence between the observed low-resolution irradiance map
exp(g(L) − ln t) and the generated low-resolution irradi-
ance map M · ~qn can be caused not only by spatial resolu-
tion differences, but also by saturated homogeneous areas.
The superresolution estimation then falsely tries to compen-
sate for those differences leading to noisy artifacts. There-
fore, to ensure that the superresolution is performed only on
non-saturated areas of the initial HDR image, a weighting
matrix W is applied during the update. The weights are es-
timated based on the intensity values of the low-resolution
input images and are close to zero at saturated regions or
one everywhere else. An example for the weighting matrix
is shown on the right side of figure 4.

In summary, our hybrid method combines high-
dynamic-range information obtained by HDR algorithms
and high-resolution information obtained by superresolu-
tion. The superresolution step enhances only the areas in the
HDR image where the low-resolution, low-dynamic range
input images provide additional information (non-saturated
areas). The parts in the HDR image corresponding to satu-
rated areas in the SR input are left unchanged.



6. Results

In this section we demonstrate the performance of the
proposed system on images captured with different types
of cameras. The images were acquired with an AVT Dol-
phin F-145C (professional video camera), a Canon Ixus 40
(consumer digital camera) and an Axis 233D (professional
surveillance camera). In figure 5 an office scene with a
dynamic range exceeding the limitations of the sensor is
shown. The images were taken with the AVT camera. The
left image shows a low-resolution view with auto exposure
settings (standard view). On the right side the result of the
proposed method is shown. Very saturated parts in the stan-
dard view (e.g. the window) cannot be enhanced by super-
resolution as hardly any structure is visible (see right side
of figure 6). These pixels are filled in from the HDR image.
In areas that were captured with auto exposure settings, the
resolution of the image is clearly enhanced as can be seen
in the zoomed in views shown in figure 6. For the superres-
olution 10 input images are used to increase the resolution
by factor 2. Figure 7 shows the superresolution enhance-
ment over the bicubic HDR image. In figure 8 an outdoor
scene was captured with the Canon camera. Similar to the
previous example, the scene contains very bright areas (e.g.
sky) and very dark areas (e.g. opened garage), which can
not be captured by a single image. Two differently exposed
images are merged using the mask shown on the left side
of figure 4. The resulting HDR image provides the pix-
els for the areas with extreme illumination (e.g. sky and
opened garage). Superresolution leads to improvements on
all other parts, which can be noticed for instance at the li-
cense plate in figure 9. The weighting mask which indicates
regions in the HDR image to be enhanced by superresolu-
tion is shown on the right side of figure 4. In figure 10 an
example is shown for images taken with the Axis camera.
The overall quality of this type of camera is usually very
poor, introducing color artifacts and jagged edges. Still, an
HDR image can be computed which contains less saturated
areas than the standard view (left side of figure 10). Because
of low quality of the input images only minimal resolution
enhancement is achieved (right side of figure 10).

7. Conclusion

In this paper we proposed a methodology to com-
bine high-dynamic-range (HDR) fusion with superresolu-
tion (SR) fusion to be used for image enhancement. The
methodology builds on a controlled acquisition process that
separates the input information into a complementary (im-
age sequence with varying exposure time) and a redundant
part (image sequence with camera motion). A two-stage fu-
sion scheme of HDR followed by SR ensures that the most
appropriate information contained in either one of these
parts is synthesized into the final enhanced image. The

number of required input images is minimized to be used
in practical applications where acquisition time is an impor-
tant factor. The usefulness of the system is demonstrated on
various examples using different types of cameras. In fu-
ture work we would like to adapt the system to processing
of videos. This could include more robust registration and
enforcing explicit coherence of the masks across frames.
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Figure 5. Comparison of low-resolution image captured with auto exposure setting (bicubic interpolated, left) and proposed method (right).

Figure 6. Zoomed views: Comparison of low-resolution image captured with auto exposure setting (bicubic interpolated: left part of left
image and right part of right image) and proposed enhancement.

Figure 7. Zoomed views: Comparison of low-resolution bicubic interpolated HDR image (left) and proposed enhancement (right).



Figure 8. Comparison of low-resolution image captured with auto exposure setting (bicubic interpolated, left) and proposed enhancement
(right).

Figure 9. Zoomed: Comparison of low-resolution image captured with auto exposure setting (bicubic interpolated, left) and proposed
enhancement (right).

Figure 10. Comparison of low-resolution image captured with auto exposure setting (bicubic interpolated, left) and proposed enhancement
(right).


