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A Variational Approach for the Fusion of
Bracketing Images

Marcelo Bertalmı́o and Stacey Levine

Abstract—In the very common situation of taking pictures in a
night scene with artificial lighting, the light coming from the scene
is not enough for most cameras. Using the exposure bracketing
feature available in most photo cameras, we obtain a series of
pictures taken in rapid succession with different exposure times
with the implicit idea that the user picks from this set the better
looking image. But often none of these images is good enough: in
general, good color information is retained from longer exposure
settings while sharp details are obtained from the shorter ones.
In this work we propose a variational method for automatically
recombining a bracketed pair of images into a single picture that
reflects the optimal properties of each one. For this we introduce
an energy functional consisting of two terms, one measuring the
difference in edge information with the underexposed image, the
other term measuring the local color difference with a warped
version of the overexposed image. The method is able to handle
camera and subject motion as well as noise, and the results
compare favorably with the state of the art.

I. INTRODUCTION

Exposure bracketing is a setting on many photo cameras
in which a series of pictures is taken in rapid succession
using varying shutter speeds. The idea is that the user picks
from this set of images the one that has a better compromise
between color information and sharp details. This can be a
quite useful feature when taking a photograph under difficult
lighting conditions. But often none of these images is good
enough: longer exposure times preserve good intensity and
color information but may result in blurred images; shorter
exposure times don’t afford good color information but sharp
details are preserved. See figure 1 for an example.

In this work we propose a technique for automatically
recombining a bracketed pair of images of different exposure
times into a single picture that reflects the optimal properties
of each one. The proposed technique is a concise variational
approach. This method is intended for still images, however
in the final section we suggest how to extend it to deal with
motion pictures, which suffer from the same limitations.

There are several related works on image fusion of pairs
of photographs. For example, [1], [2], [3], [4], [5] deal with
fusing a pair of pictures taken both with and without a flash, or
deblurring a long-exposure image with a blurry and non-blurry
image pair. However, the current literature on fusing flash/no-
flash image sets assume there is no motion. In general this is
not the case, even if using a tripod, when the picture features
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human subjects and hence a small but noticeable amount of
motion is present. Current work on picture deblurring assumes
the blur only comes from camera motion and the scene is
static, which again prevents this method from being applied
to most pictures featuring people. Jia et al. [6] proposed a
fusion method that combines histogram matching with spatial
color matching yielding very good results, but they require the
underexposed image to be noise-free, a requisite which does
not usually hold in practice, and the spatial color matching
of small regions is problematic. Denoising image bursts was
addressed by Buades et al. in [7], which combines a stack of
short-exposure images of the same scene to create a noise-free
image. The results are quite nice, however this differs from
the proposed work in that each image in the burst is noisy but
sharp, so it’s not necessary to account for blurring. There is ex-
tensive literature on color transfer methods based on histogram
modification, see for instance Rabin et al. [8] and references
therein. These types of approaches are global, i.e. they work
on the color space and ignore the spatial distributions of color
values, which may produce visible artifacts in the processed
images. The method by Huang and Chen in [9] is capable of
locally transferring color (and brightness) from a blurry, long-
exposure image to a sharp, noisy one, allowing for camera and
subject motion, but the results may suffer from color leakage
artifact’s, i.e. colors spill outside their corresponding region.
In [10], the authors proposed a technique to handle both static
and non-static scenes, with camera and/or subject motion.
The technique uses stereo matching to extract the optimal
color information from the overexposed image and Non-local
means denoising [11] to suppress noise while retaining sharp
details in the luminance of the underexposed image. Although
this approach is effective, it requires a number of different
steps and parameters that require some care in tuning. The
technique proposed in the present article is a more concise,
mathematically sound approach which also improves on the
results in [10].

The paper is laid out as follows. In sections II and III, we
discuss the proposed automated algorithm. Numerical results
are presented in section IV that demonstrate the effectiveness
of the algorithm. In section V, we draw some conclusions and
discuss future work.

II. THE PROPOSED MODEL

Our problem statement is as follows: given and underex-
posed image Iu and an overexposed image Io, we want to
create an image I that combines the sharpness of detail of Iu
and the colors of Io. Variational approaches provide a concise



2

Fig. 1. Pictures taken with different exposure settings in low light conditions. Left: short exposure implies sharp objects but noise, low brightness and poor
colors. Right: long exposure implies motion blur but no noise and good colors.

methodology to tackle several tasks simultaneously. Therefore,
we will propose an image functional E(I) with two terms, one
measuring the difference in edge information between I and
Iu, the other measuring the difference in colors between I and
Io. The minimization of E(I) will produce the desired fusion
result.

We deal with each color channel independently so in our
notation I, Iu, Io denote single-valued functions from the
image domain Ω into the real interval [0, 1].

A. First energy term: edge information

The fusion result I should retain the sharp details of Iu.
This can be rephrased in the following way: the level lines of
I should match those of Iu, so that the edges in both images
coincide. Approximating edge direction by the orthogonal
gradient direction, the intended matching of level lines may
be achieved by locally matching the gradient direction:

Eg,Iu(I) :=

∫
Ω

(
|∇I(x)| − ∇I(x) · ∇Iu(x)

|∇Iu(x)|

)
dx. (1)

Ballester et al. [12] first proposed this type of energy in the
context of image inpainting: given a normalized gradient field
θ, minimizing an energy such as (1) (where the normalized
gradient of Iu plays the role of θ) propagates the values of I
along the field. Notice that we use the normalized gradient of
Iu so the strength of the gradient doesn’t come into play: we
want I to have the same level lines as Iu (which is given by
the gradient direction), not the same brightness and contrast
(which would be given by the gradient magnitude) because Iu
is poor in these respects.

B. Second energy term: color matching

The second challenge is to match the colors of our fused
image I to that of the overexposed image Io. In [13], Sapiro
and Caselles proposed a variational formulation for histogram
modification. For a given image I they showed that by
minimizing the following functional the histogram of I is

equalized:

Ehistogram(I) :=
1

2

∫ (
I(x)− 1

2

)2

dx

−1

4

∫ ∫
|I(x)− I(y)| dxdy.

They also suggest extending this to more general gray-value
distributions. We have adapted this idea to our setting. If we
want I to have the same histogram as Io then the functional
that we should minimize is:

Eh,Io(I) :=
2

WH

∫ ∫
|I(x)− Io(y)| dxdy

+
1

WH

∫ ∫
|I(x)− I(y)| dxdy

where W and H are the dimensions (width and height respec-
tively) of the image domain. Performing gradient descent we
obtain the following update formula:

It(x, t) = 4(p(x, t)− po(x, t)), (2)

where p(x, t) is the percentage of pixels in the image I with
values below I(x) and po(x, t) is the percentage of pixels in
the image Io with values below I(x), both at evolution time t.
So we see that, upon convergence, It = 0 and the histograms
of I and Io coincide.

But this is a global histogram modification procedure,
i.e. the color values are modified regardless of their spatial
distributions, and as such it adolesces of the visual artifacts
common in global histogram matching methods as mentioned
in the introduction. Introducing locality into the histogram
matching term should alleviate some of these issues:

Eh,ω,Io(I) :=
2

WH

∫ ∫
ω(x, y) |I(x)− Io(y)| dxdy

+
1

WH

∫ ∫
ω(x, y) |I(x)− I(y)| dxdy (3)

where ω(x, y) is a decreasing function of the distance ||x−y||
(in our case ω is a Gaussian of standard deviation σ pixels).
There is still a problem using (3) in that if σ is large, then just
as before we have global histogram matching. But if σ is small,
ghosting artifacts appear wherever there is motion since the
histograms of the corresponding regions may be too different.
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To solve this we introduce a kind of ”motion compensation”
into the functional:

Eh,ω,Ĩo
(I) :=

2

WH

∫ ∫
ω(x, y)

∣∣∣I(x)− Ĩo(y)
∣∣∣ dxdy

+
1

WH

∫ ∫
ω(x, y) |I(x)− I(y)| dxdy (4)

where Ĩo is a warped version of Io that keeps the colors of Io
but where its shapes have been deformed so that its geometry
is close to that of Iu. How you construct this warped Io is not
essential to the algorithm. In our case, we construct it with
stereo matching as in [10], but for example one could use
the automatic warping/morphing technique of Shinagawa and
Kunii [14], or perform warping based on an estimation of the
optical flow (see Papenberg et al. [15] and references therein).

C. Total energy

We propose minimizing the following energy, which com-
bines a gradient direction term and a local histogram matching
term:

E(I) = Eg,Iu(I) + λEh,ω,Ĩo
(I), (5)

where Eg,Iu and Eh,ω,Ĩo
are defined above in (1) and (4)

respectively, λ > 0 is a weighting parameter, and the energy
E is minimized over all possible fused images I .

Remark: Since Eg,Iu(I) ≥ 0, it is straightforward to show
the existence of a minimizer to (5) using a proof analogous to
Proposition 3 in Bertalmı́o et al. [16].

III. IMPLEMENTATION

Computing the Euler-Lagrange equation of (5) and using
a gradient-descent approach we obtain the following update
equation for I:

It(x, t) = κI(x, t)− κIu(x) + 2λ

∫
ω(x, y)s(I(x)− I(y))dy

−2λ

∫
ω(x, y)s(I(x)− Io(y))dy, (6)

where κI(x, t) stands for the Euclidean curvature of the level
line of I at location x and evolution time t, κIu(x) is the
curvature of the level line of Iu at location x (no evolution
time here since Iu is given at the beginning, as a constant
image), and s is the sign function. The initial condition for I
is Iu: I(x, 0) = Iu(x), ∀x ∈ Ω.

For the computation of the curvature terms we use the classi-
cal approach of Rudin et al. [17], i.e. an explicit, forward-time
scheme with alternating forward-backward spatial differences.
For the integral terms we notice that they involve a convolution
with the Gaussian kernel ω, and therefore computing these
terms explicitly would have a computational complexity of
order O(N2) where N is the number of pixels. Following
the approach introduced in [16], we approximate the sign
function with a polynomial and compute the convolutions
using the Fast Fourier Transform, thus reducing the complexity
to O(NlogN) (see [16] for details).

IV. EXPERIMENTS AND COMPARISONS

We have run our algorithm on several pairs of exposure
bracketing images taken with a consumer camera. In all the
results shown we have used the same set of values for the
parameters: λ = 20, σ = 35 pixels. Using non-optimized code
on a dual processor 1.87GHz, 3Gb PC, the computational cost
for each 770× 430 image is of about two minutes (we’re not
taking into account the warping of Io to obtain Ĩo as it is not
part of our algorithm, but a warping time of a few seconds
for this size of images is reasonable). The reason why our
algorithm takes this much time lies in the fact that we are using
an explicit scheme for the curvature, which imposes a very
small time-step in our iterations. We are currently investigating
ways to speed this up: one possibility we want to investigate is
splitting the evolution equation and iterating between curvature
and histogram terms.

Some example results can be found in figure 2 for a
variety of real-life scenarios. In general we notice that the
colors are correctly transferred from Io, without any sort
of color leakage artifacts, and that noise is reduced. Note
that the original images, taken without a tripod, have some
challenging characteristics that our algorithm is able to handle.
For example, they feature people whose mouths are open in
one image and closed in the other. Moreover, although the
subjects move very little, this small motion causes noticeable
motion blur due to the exposure time required to properly
capture the colors. Again, these are very common situations,
in which methods that require static scenes and still subjects
wouldn’t be practical. We must also point out that in the case
of the bottom row images the use of flash was not allowed
(another rather common scenario), which prevents the use of
fusion methods involving flash/no-flash image pairs.

One observation to be made is the following: global
histogram modification does not alter the level lines, and
while local histogram modification does modify the level line
structure of the image it does so in a way that might be
unnoticeable, depending on the width of the kernel and the
amplitude of the discontinuities present in the image (see
[16] for a rigorous discussion of this). Given that the first
term of our functional has as only purpose the preservation
of the level lines, and that we start with the initial condition
I = Iu, we could consider dropping this first term and perform
only local histogram matching. But figure 3 shows that the
gradient direction term is essential in order to suppress the
noise and also to prevent the appearance of spurious colors,
this latter phenomenon associated to color modification due
to histogram matching regardless of spatial considerations.
This is of particular relevance given that underexposed images
normally suffer from abundant noise, and simply enhancing
the colors and increasing brightness would only worsen this
problem by making noise more apparent.

It may seem surprising to find that the gradient direction
term has a regularizing effect on the fusion result, because if
we only considered this term then the minimum Eg,Iu(I) = 0
would be attained at I = Iu, i.e. the fusion result would
be as noisy as the original underexposed image. The first
energy term preserves the shape of all level lines, so it also



4

Fig. 2. Left: underexposed images. Right: overexposed images. Middle: our fusion result.

preserves noise, which corresponds to level lines of tiny length.
The second energy term matches colors with the overexposed
image Io, also tending to respect the shape of the level lines:
they are just moved upward in intensity level, because we start
the minimization with I(t = 0) = Iu and Iu is darker than
Io. So we can see that in the combined effect of both terms,
noise is actually preserved (because of the first term) but its
amplitude is kept constant while the amplitude of the clean

signal increases (because of the second term), with the net
result that noise, in terms of Signal to Noise Ratio, is reduced
because the SNR goes up.

Too much motion and/or occlusion may cause problems
with the warping which then turn into color artifacts after the
processing, see figure 4. Since most of the guitar is occluded
in one view, the fusion result presents wrong colors on the
guitar and the singer’s jacket. One possible solution would be
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Fig. 3. Some image details showing the importance of the gradient direction term. Top: fusion results without this term. Bottom: fusion results with full
model, notice reduction of noise and spurious colors.

to compute a sort of fidelity mask for the warping, so that our
color transfer procedure is performed only over the regions
where the fidelity is high (i.e. where the warping is good).
These would leave color gaps in the regions where the fidelity
is low, but given that we have the gradient orientation inside
these regions we could apply the Poisson Editing technique
of Pérez et al. [18] to propagate valid colors inwards into
these gaps. We have left this as future work since a masked
local histogram matching approach is not compatible with the
speed-up implementation described in section III, where we
combine polynomial expansion of the sign function with a
FFT computation for the convolutions.

For comparisons, we must recall from the introduction that
most works in the literature on image fusion of pairs of
photographs have limitations that make them impractical for
our particular problem: they may require no camera and/or
subject motion, no noise in the underexposed image, or no
blur. In fact, to the best of our knowledge the only works
with no restrictions on camera/object motion and presence of
blur are those by Jia et al. [6], Huang and Chen in [9] and the
authors in [10]. The method in [6] requires the underexposed
image to be noise-free, a requisite which does not usually hold
in practice, and the spatial color matching of small regions is
problematic. In [9] the results may suffer from color leakage
artifacts. Therefore we have decided to compare our results
with those obtained with the method presented in [10], and
these comparisons can be seen in figure 5. In the top row
images notice how the method in [10] produces severe artifacts
on and around the head of the subject in the foreground. In the
bottom row images we can see that [10] is not as capable as
our method of dealing with the noise, which is quite noticeable
on the flat surfaces, and also that some contrast has been lost
on the face of the subject.

V. CONCLUSIONS AND FUTURE WORK

In this work we propose a variational formulation for
automatically combining a bracketed set of images (one un-
derexposed, one overexposed) in such a way that yields an

image retaining the optimal qualities in each one. The method
can handle camera and subject motion and reduces the noise
present in the underexposed image. The results don’t show the
usual color leakage artifacts and they compare favorably with
the state of the art. The main shortcomings of the proposed
technique are its computational cost and its reliance on a good
quality warping of the overexposed image: if the warping is
poor, its problems translate into visual artifacts in the final
result. We are currently investigating how to overcome these
limitations.

This work has an interesting potential extension to video
processing. In particular, if the first frame F0 of a video
is obtained with a long exposure time and the remaining
frames, Fi for i = 1, ..., T , with short exposure, we can apply
the proposed method in the following way. First apply the
method described in section II to the pair (F0, F1) obtaining
F̃1, then successively to each pair (F̃n−1, Fn) obtaining F̃n.
In theory, the color from F0 should be transferred to all
remaining frames, while they still retain a good level of
detail. But occlusion can be a problem as soon as the frames
are too far apart, and also as the geometric configuration of
the scene changes over time so will the global illumination
configuration. This will be the subject of further work.
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