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ABSTRACT
The high dynamic range image (HDRI) acquisition method based
on Markov random field model is proposed. By combining multiple exposure images shot with different shutter speed, we estimate
the irradiance value for each pixel. Our method estimates displacements, occlusion and saturated regions, and by using them construct
the motion blur free HDRI with higher quality than other existing
methods.
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1. INTRODUCTION
By adapting lights in any viewing condition, the human visual system can capture a wide dynamic range of irradiance (about 14 orders
in log unit). While the dynamic range of CCD or CMOS sensors in
most of today’s cameras is a limited range of real scenes. It is important for many applications to capture the wide range of irradiance
of natural scene and store the irradiance value in each pixel. For example, it can address the problem of under- or over-exposure when
taking a photo of a man with very bright backlight, or shooting outside from a tunnel. In the application of CG, a high dynamic range
image (HDRI) is widely used for high quality rendering with image
based lighting [1].
In the last decade, to capture the HDRI, many techniques have
been proposed based on the multiple-exposure principle, in which
a HDRI is constructed by merging some photos shot with multiple
exposures. Many of the techniques assume that a scene is still during shooting photos. The motion of objects causes motion blur and
ghosting artifacts. Although in some fields such as video coding
and stereo vision, many displacement (or motion) estimation methods are proposed, simply applying them into the multiple exposure
fusino often fails since the intensity levels of the images are significantly different due to the failure of camera response curve estimation, and more importantly the low and high exposure causes
white and black out to some regions of the images, respectively, in
which correspondence between the images is hard to find. Moreover
in case of low exposure, offset noises like thermal noise and dark
current sometimes makes the displacement estimation difficult. The
conventional methods [1]-[7] do not address all of the problems.
In this paper, we propose an algorithm of the HDRI estimation
based on the Markov random field (MRF) model. We can systematically construct the HDRI by taking into considerations displacements, under- and over-exposures and occlusions. The displacement
vectors as well as the occlusion and the saturation are detected by the
MAP estimation. In our method we do not need to estimate accurate
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motion vectors but displacement to the pixel with the closest irradiance, while the conventional methods such as [5] try to estimate
the motion accurately. This relaxation improves the final quality
of the HDRI. The occlusion and the saturation are clearly classified
and then treat it separately, which results in the accurate removal of
ghosting artifacts. We show some experimental results to confirm
the validity of our work with comparisons to the other methods.
2. ACQUISITION OF HDRI
2.1. Camera Calibration
The relationship between the radiance and the amount of lights
(that is the product of irradiance times a shutter speed)  that we
measure through some sensor can be expressed by [4]
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where  , , , and  are a focal length, the diameter of an aperture,
the angle determined by an optical axis, and exposure time respectively.
In many of camera sensors, the captured  are nonlinearly transformed to pixel values . To accurately retrieve the irradiance, we
need to compensate the nonlinearity by estimating the transform.
Here we call the transform ”camera response curve” and we denote
it by

(2)

 

Among the existing methods for the camera calibration problem, we
adopt Mitsunaga et al.’s method [4] to find , in which the curve is
approximated by a low order polynomial using multiple images and
the values of exposure ratios between the images. In our method, the
multiple exposure images are taken by varying the shutter speed of
a camera with other settings fixed. Then the images are merged by
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where  is the value of a pixel  of the -th exposure image. 
is the number of images,  is the exposure time of the -th image,
and is a weighting function. The weighting function is introduced
because under- or over- exposed regions are much less reliable than
the regions of middle intensities. Thus the weight is specified to be
small for pixel values of the saturated regions, high for the middle
intensities.
2.2. MRF Model
 in (2) can be estimated by  only when pixels are not under- or
over-exposed. Moreover (3) is effective only when scenes are still.

Since moving objects cause the motion blur, it is required to compensate the displacement as much as possible. In usual, the compensation is done by two steps, global motion and local displacement compensation steps. In our method we assume that the global
motion (e.g. camera shake) is already compensated by some image
alignment algorithm [1]. In this section we focus on the local displacement compensation.
In our situation, the displacement estimation may fail due to
(1) occlusion, (2) saturation, that is, under- and over-exposure, and
(3) differences in intensity caused by the failure of the camera response curve estimation. Fig.1 illustrates an example of two exposures, where some region of the high exposure image (white area
in the left image) is over-exposed. There may be three types of regions where correspondence between the images are hard to find:
occlusion (marked by light grey in the right image), saturation (overexposure in this example), and both of the two (dark grey in the right
image).

and  by using the observed images  and  , that is, maximizing
the posterior probability        . Applying the Bayes rule,
the posterior probability is written by
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From (6), our MAP estimation is stated as
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Since   and  are modeled by MRFs, the probability
        can be characterized by a Gibbs distribution [8]-

[9].

                    (8)
where  ,  are normalization constants, and   is an energy func-

tion. Then the MAP estimation can be replaced by the minimization
problem of the energy function. From (7) and (8), we can formulate
the problem,

Fig. 1. example of multiple exposure images: (left) high exposure,
(right) low exposure
Here we introduce a probability model for the estimation of the
displacement between two images, the regions of occlusion and the
saturation. Let us denote two measured images with different expo      and 
     , which are
sure, 


considered to be samples from a random field. The field is defined on
. Here we introduce
a discrete rectangular sampling lattice in
     ,       ,
three random fields, 
     , which correspond to the displacement,
and 
the occlusion, and the saturation. Although the displacement field
in our framework is similar to the conventional motion vector fields,
they differ in that we try to find a pixel with closest luminance but
motion estimation is not required. The occlusion is a binary random
field that indicates whether each pixel belongs to the occlusion. The
random variable on each site   ,  takes or according to the
following rule,

  

  

  


  

  

 





if  is in occlusion
otherwise

    

(4)

The saturation is defined by the region of the under- and over-exposure
in the image  . This is also a binary random field that indicates the
saturation:





if  is under- or over-exposure
otherwise

     

(5)

In our method, instead of  and , we estimate the complement variables  and , which have ”0” in cases of occlusion and saturation,
respectively
Since all of these three fields mostly consist of some regions of
similar values, they can be considered as Markov Random Fields
(MRF). Our estimation problem is to find most likely fields , ,

                        

 

 



(9)

2.3. Formulation of Energy Functions

The term       in (9) characterizes the image  with
   and  given. In most cases such as [9]-[13], the function
is defined by the  or  error between blocks in  and  . In our
case, since the difference in pixel values of  and its corresponding
pixel in  sensitively affects the quality of the final HDRI while an
accurate motion estimation is not necessary, we use the minimum
value of the difference,
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where 

is the neighborhood of   . The above error assumes that the pixel  and its corresponding displaced pixel in 
ideally coincides. In the occlusion, however, it is not the case. Furthermore, since the value of the luminance can not be estimated in
the area of the saturation, the assumption does not hold. Considering
these, we define the energy function,

                

(11)

This equation excludes the occlusion and the saturation from the cost
function.
The second term of (9) is a cost imposed on the displacement
vectors . Since the displacement generally occurs due to object
movements, the displacement vectors should be smooth. As in the
conventional methods [9], [10], we define the energy function as
follows
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The third and forth terms in (9) are constraints on the area of 
and . Since the occlusion mainly depends on objects, we impose
penalty on the isolated small regions by
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or
otherwise
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From (9), (10), (11), (13), and (14), the energy function to minimize is defined as
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stop (where
Step 3.

              
  holds, then

        

 is the number of iterations).

Otherwise go to

(13)

where   is an operator that counts the number of the value ” ” in
the eight adjacent pixels,   is the potential function that has the
minimum value at 0. The saturated area has the value of either 0 or
255. Again the isolated small regions are penalized as

            Æ  

4. If

2.5. Post Processing
Using the above algorithm, we can determine the regions of the occlusion and the saturation and obtain the displacement vectors except
in these area. Next it is necessary to combine the images using the
information. Due to space limitation, here we consider only the case
where  has lower exposure than  . Thus the under-exposure area
of  is also under-exposure in  . When  has higher exposure than
 , the under- and over-exposure are inversely treated in the following algorithm.
In the occlusion, we simply search the closest value within the
window in  for each pixel in  , and then set it as the corresponding
pixel, while in the over-exposure region we do not compensate the
motion. In the estimation of Sec. 2.4, we independently determine
the saturation and the occlusion. However since in the saturation
region, there can also be occlusion (like the dark grey region in the
right image of Fig.1), we need to find the occlusion in the saturation.
We solve the problem by a thresholding method as follows. Since we
assume that we shoot the multiple exposure images with changing
only the shutter speed, from (1) the amounts of light  of the two
images at some pixel are rewritten by

   

  contant
(17)
Suppose that the dynamic range of the sensor is  . Then if  is


(16)

are weights.



larger than 1 (that is over-exposure), its measured value is saturated
to 1. Thus, the actual value for satisfies



2.4. Suboptimal Search

(18)

Substituting this to the first equation in (17), we obtain

The problem to minimize (16) is difficult to solve due to its nonlinearity. To address the difficulty, some relaxation algorithms have
been proposed such as simulated annealing [8] and the mean field
theory [11], [12], [14]. The former has high computational complexity. The latter can relieve the complexity but it is not straightforward to apply it to our problem. In our method, instead, we adopt a
suboptimal approach similar to [10].
In our search, first we find  by deterministic thresholding. Then
using the given realization of , the displacement vectors  and the
complement of the occlusion  are estimated by an iterative fashion.
The algorithm is stated as follows.
[Estimation Algorithm]
1. Search the pixels that have small values in the forth term of
.
(16), then set them 
2. The initial displacement vectors  are found by searching the

, and set
pixel with closest pixel value in the window 

if the value at the site   is above a pre-scribed
.
threshold, otherwise set 

 

3. For each pixel  , search the corresponding pixel with the
minimum values in the energy function (16), and then the pixels with high values in (16) are set as the occlusion, that is,
 .



 



(19)

From these we set the pixels satisfying (19) as the saturation, those
less than    as the occlusion.



3. EXPERIMENTAL RESULTS
In the experiment, we shot five photos by changing shutter speeds,
some of which are shown in Fig.2 and use them as an input of our
algorithm. We select a main image from those, we apply the methods
in Sec.2.4 and 2.5 to each pair of the main and an other image. And
then the modified images are merged by (3). The dynamic range of
.
the map is about  
Fig.3 depicts the HDRI constructed by our method (for displaying, its dynamic range is scaled and then compressed by a tone
mapping). In the set of input images, the face moves in the dark
area, while his left elbow moves from bright region of the sky to
dark region of the pole. It can be seen from Fig.3 that our algorithm reconstructs the irradiance well and successfully removes the
blur caused by these motions. In Fig.4, we show some comparisons
with three conventional methods: (1) block matching algorithm , (2)
HDR Video [5] with Lukas-Kanade’s optical flow estimation [15],
(3) Ghost removal in [1]. We implement (1) and (2) using OpenCV
and are used in subtitution for the method in Sec2.4 . Other processing such as in Sec.2.5 are unchanged. And if the motion vectors



are unreliable, they are set to for the pixels (note that we have
confirmed that large error occured when simply applying the methods without these treatments). The results of (3) are obtained using
the software [16]. These conventional methods often fail to compensate the motion due to the saturations and the noises described in
Sec.1. The block matching based algorithm often yields blocking artifacts and is sensitive to luminance change caused by an inaccurate
calibration of the camera response curve. The method in [5] fails
especially for under-exposure regions since the offset noises significantly affect the performance. We have tested some other examples
and confirmed that our method performs best for all the tests.
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4. CONCLUSION
We propose the method for the HDRI acquisition. The proposed
method can compensate the effects of the motion, occlusion and the
saturation and can obtain motion blur free HDRIs.
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