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main difference is that our technique provides a software solution
while the adapter is an optical device.
The main contribution of this paper is to present a new method
for synthesizing images of shallow depth-of-field from the input images of relatively deep depth-of-field. The synthesized images are physically plausible because the amount of blur differs
according to the distance. We also propose a new depth filling
method to enhance the quality of the depth map estimated by a
depth-from-defocus (DFD) method [26].

In this paper, we propose a new method to synthesize shallow
depth-of-field images from two input images with different aperture values. The basic approach is to estimate the depth map of
a given scene using a DFD (depth-from-defocus) algorithm and
blur an input image according to the estimated depth map. The
depth information estimated by DFD contains much noise and error, while the estimation is rather accurate only along the edges of
the image. To overcome this limitation, we propose a depth map
filling algorithm using a set of initial depth maps and a segmented
image. Once the depth map filling has been completed, the depth 2 Related Work
map can be fine-tuned by applying segment clustering and user
interaction. Since our method blurs an input image according to Creating extended deep depth-of-field images has been a chalthe estimated depth information, it generates physically plausible lenging problem [28, 13, 14, 9]. Several commercial softwares
result images with shallow depth-of-field.
and freewares are available, such as Helicon Focus [4] and CombineZ5 [1]. The input of the softwares is a stack of images of
Keywords: depth-of-field, depth-from-defocus, image blurring
relatively shallow depth-of-fields with various focuses. In the input images, in-focus regions are found and merged together to
obtain an image with all in-focus. This technique is crucial, es1 Introduction
pecially in macro photography, where depth-of-field is extremely
shallow. On the contrary, this paper deals with the reverse probIn photography, a depth-of-field is the range of distance from the lem to obtain shallow depth-of-field images, where we narrow
camera within a scene for which the blurring is tolerable in the down the depth-of-field of input images.
image [19, 25]. If all objects are in-focus like Fig. 1(a), then
It is very difficult to obtain shallow depth-of-field images
we say that the depth-of-field is deep. In shallow depth-of-field using point & shoot digital cameras or low end digital SLR
images, in contrast, only the main objects are in-focus while the cameras. Therefore, some photographers buy more expensive
background objects are blurred as in Fig. 1(c).
equipments whereas others use image editing tools to fabricate
Images with shallow depth-of-field (DOF) make viewers pay photographs. Tutorials and articles can be found on the internet
more attention to the main objects. The viewer’s attention is for creating shallow depth-of-field images from a pan focus
immediately drawn to the sharply focused main objects while the image [7, 8, 16, 12]. The basic approach is to select foreground
background is intentionally blurred out. This technique has been objects with a Selection Tool and then blur out the background
widely used for more than 150 years in photography [18].
only. Fig. 1 shows an example. The main drawback is that
However, it is difficult to obtain shallow depth-of-field images the approach blurs out the background regardless of the depth
using low end digital cameras. To obtain shallow depth-of- information. Consequently, the result image looks artificial
field images, high end (usually very expensive) camera lenses because the amount of blurring is the same even where the real
and camera bodies are needed. In this research, we propose a depth varies a lot.
new method to synthesize images of shallow depth-of-field using
PhotoShop has a specialized plug-in named Depth of Field
images of deep depth-of-field taken by point & shoot digital Generator Pro [3], which generates shallow depth-of-field imcameras or low end digital SLR cameras.
ages. The basic idea and interface are similar to other methods
A shallow depth-of-field adapter is used in digital camcorders for synthesizing shallow depth-of-field images using image editto achieve shallow depth-of-field effect [2]. Shallow depth-of- ing tools. The quality of result images is mainly influenced by
field effect is difficult to achieve with a digital camcorder because the accuracy of the depth map manually created by a user.
the CCD size is relatively small compared to a 35mm film or
In computational photography [23, 24], techniques for condigital camera. Refer to [5, 6] for more information on the trolling depth-of-field and digital refocusing have been proposed
adapter. Our research is originally motivated by the adapter. The [9, 20, 21]. The goal of the techniques is similar to ours in that

(a) input image

(b) foreground selection

(c) shallow depth-of-field result

Figure 1: Creation of a shallow depth-of-field image using Paint Shop Pro [16].
images from digital cameras are processed to synthesize new images with controlled depth-of-field. However, the techniques require several or many input images to resample a new image
while our method needs only two images and uses estimated
depth information to generate physically plausible images.
To obtain physically correct shallow depth-of-field images, the
input image must be blurred according to the distance from the
viewer. Hence, depth estimation from input images is one of the
key components of our approach. In general, it is difficult to
estimate depth information using one input image. Depth-fromdefocus is a technique for estimating the depth information of a
scene from a set of images [22, 26, 31]. The basic idea of depthfrom-defocus is that there is a direct relationship among the
depths, camera parameters, and the amounts of blur in images.
From the relationship, we can derive the depth information by
measuring the amount of blurring when the camera parameters
are fixed.

If the distance to an object deviates from S1 , then the object
does not form a clear image because a point in the object forms a
circle in the image plane, as shown in Fig. 3. We call this circle a
circle of confusion (also known as a disk of confusion and a blur
circle). In optics, a circle of confusion is defined as an optical
spot formed by a cone of light rays from a lens not coming to a
perfect focus [19, 25]. Fig. 3 demonstrates that the diameter of
a circle of confusion increases as the distance to the object S1
increases. Therefore, the diameter of a circle of confusion can
be used to measure the amount of blurring in the image. The
blurring model used in Section 6 was originally derived from the
definition of a circle of confusion.
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Depth-of-Field in Photography

In optics, it is known that a collimated beam traveling through a
converging lens axis will focus at a distance f , called the focal
A
length [19, 25]. The plane perpendicular
to the lens axis placed
C
c Let S1
at the distance f from the lens is called the focal plane.
and S2 be the distances from the lens to the object and from the
lens to the image plane, respectively, as shown in Fig. 2. Given
f
that the thickness of aS 1 lens is negligible,
we can derive Eq. (1) by
f1
the thin lens formula
[19,
25],
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Figure 3: The circle of confusion diameter is c when the object
lies at distance Sc .

Due to the circle of confusion, some objects form clear images
1
S 2 plane. A
while others are blurred Swhen
projected onto the image
f
f
depth of field is the range of the distance from the lens where the
size of the circle of confusion is less than the resolution of the
human eye. From the lens formula in Eq. (1), we can derive the
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Figure 2: Image forming process.

= dF − dN ,
s
=
,
1 − ac(s − f )/f 2
s
=
,
1 + ac(s − f )/f 2

(2)

where a is the aperture value, s is the distance of an object from
the lens, and c is the maximum permissible circle of confusion.
From Eq. (3), we find that two factors of a lens control the
depth-of-field, i.e., the focal length and the aperture value. To
obtain shallow depth-of-field images, photographers use bright
telephoto (large aperture value and long focal length) lenses.
In photography, instead of the aperture value a, the F value is
usually used, which is defined as f /a [19, 25].

Among the parameters in Eq. (3), f , a, and c are intrinsic
parameters of the camera body and lens. When the three
parameters are fixed in a given image, the only parameter variable
in the image is the distance s of an object from the lens. Hence,
from Fig. 3 and Eq. (3), we can see that the distance of a surface
can be calculated analytically using the amount of blur. Since
it is difficult to measure the amount of blur in one image, two
or more images are used in depth-from-defocus algorithms for
depth estimation [26, 27, 29, 31, 17].
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The goal of this research is to synthesize physically plausible
images with shallow depth-of-field from images taken by a point
& shoot camera or a low end digital SLR camera. Based on
the theory in Section 3, our approach for achieving the goal
consists of two parts. First, we estimate the distances of surfaces
from the camera in an image to obtain a depth map (Section 5).
Second, shallow depth-of-field images are generated by applying
an image blurring model to the input image with the depth map
(Section 6).
Fig. 4 shows the overall process of our system. The input of
the system is two images, which are photographed at the same
location with different aperture values. Since the difference of
image blur is used for depth estimation, two input images with
as much blur difference as possible are needed to obtain accurate
depth information. We recommend to take the first image (I1 )
with the maximum F value of the camera and the second image
(I2 ) with the minimum F value. In order to take these kinds
of images, we can use the aperture-priority mode (A Mode) and
manual mode (M Mode) of a camera.
We use a DFD algorithm to obtain the depth information
from the blur difference among the input images. However, in
general, DFD algorithms do not work properly in the regions
where the blur difference is not noticeable [22, 26, 31]. In
addition, estimated depths are more accurate along the edges
of objects while the depth estimation tends to fail in the object
interiors [10]. To resolve these limitations, we propose a depth
map filling algorithm which uses a segmented image and several
depth estimations with different resolutions. The quality of the
final depth map can be enhanced by applying segment clustering
and user interaction.
Finally, a result image with shallow depth-of-field is synthesized by blurring the input image according to the estimated
depth information. The result image is physically plausible because the amounts of image blurs are controlled by the estimated
depths. We will explain each step in more detail in the following
sections.

5
5.1

Depth Map Construction
Initial depth map construction

In this paper, we use the DFD technique proposed by Subbarao
et al. [26] because it involves simple local operations and can
be easily implemented. Their technique calculates the depths
by processing image defocus information with spatial-domain
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Figure 4: Flowchart of our system.
convolution/deconvolution transforms. The technique can handle
two images photographed with different camera settings. In our
system, we use two images taken with different aperture values,
as shown in Fig. 5.

(a) image with F value of 32

(b) image with F value of 2.8

Figure 5: Two input images taken with different aperture values.
Fig. 6 shows examples of estimated depth maps. The depth
values estimated using the DFD technique [26] are originally
absolute distances from the camera in real world. We normalize
the absolute distances to relative depths between 0 and 1 for
further processing. In an ideal case, white pixels in the depth map
have the value of zero which represents the distance to focused
objects. The values of black pixels are one which correspond
to the distance to the farthest objects. Gray pixels represent the
distances to the in-between objects. The relative depth values
are converted back to the absolute distances in the blurring step
(Section 6).
Unfortunately, since the depth estimation from DFD may
contain errors, a pixel in the depth map is assigned almost white

in two different cases. In the first case, the pixel represents
the depth of a foreground object in the scene. In this case, the
assigned depth value is an accurate one. The white pixels on
the first PC set in Fig. 6(a) belong to this case. Second, when
the contrast variations of pixels are negligible, depth estimation
becomes inaccurate and almost white depth values are assigned
to the pixels. The white pixels on the second, third, and fourth
PC sets in Fig. 6(a) correspond to this case. Consequently, in a
depth map, the values around the edges of objects in the image
are more accurate than in object interiors where the pixel values
are almost constant.
Since the DFD technique [26] uses convolution/deconvolution
filters, the accuracy of the estimated depth map also depends on
the filter size. The effect of the filter size on the depth map is
demonstrated in Fig. 6. When a small filter size is used, the
sizes of the regions around object edges where we have better
depth estimation are reduced but the accuracy of the depth values
increases. On the contrary, when the filter size is big, a better
estimation around the edges covers larger regions but the depth
accuracy in the regions decreases.

(a) 8×8 filter size

(b) 16×16 filter size

(c) 24×24 filter size

(b) 32×32 filter size

input image I1 for image segmentation.
We obtain image segmentation by applying mean-shift clustering [11] to I1 . To reduce noise in I1 , we perform median filtering
[30] before mean-shift clustering. Fig. 7(a) shows the result of
median filtering and Fig. 7(b) shows the result of image segmentation.

(a) result of median filtering

(b) segmentation result

Figure 7: Input image segmentation.

5.3

Depth map filling

For a segment in image I1 , we can determine the boundary
region which has accurate depth information from the filter size
used in the DFD technique. We found that the depth estimation
is usually accurate in the region where the distance from the
segment boundary is within a half of the filter size. We call
such a boundary region of a segment a filled region while the
other interior regions of segments are called unfilled regions. In
Fig. 8, black pixels represent the segment boundaries and gray
pixels represent the filled regions. White pixels represent unfilled
regions, where the depth estimation is inaccurate.

Figure 6: Initial depth maps with different filter sizes.

5.2

Input image segmentation

To improve the quality of the estimated depth map, especially for
the object interiors, we use image segmentation. The underlying
idea is that an object part or a surface captured by image
segmentation probably has an almost constant depth. Since we
have better depth estimation around object edges, we can use
the depth information at the segment boundary to determine the
single depth of a segment which can also be used for the interior
of the segment.
Among the two input images I1 and I2 , we use I1 for image
segmentation, which has a deeper depth-of-field. Image I1
is better suited for image segmentation than I2 because the
background objects have been blurred in I2 . We can also use
the initial depth map to help image segmentation. However,
the depth map contains much noise and would unnecessarily
generate much over-segmentation. Hence, we simply use the

Figure 8: Regions with accurate depth estimation around segment boundaries when the DFD result with the filter size of
16×16 in Fig. 6(b) is applied to the segmented image in Fig.
7 (b).
When we determine a single depth for each segment in an
image, we can simply ignore the depth information estimated for
unfilled regions. However, as we can see in Fig. 8, an unfilled
region may cover the majority of a segment and consequently, the
depth values in a filled region may not be sufficient to calculate
the representative depth for a segment. To resolve this problem,
we propose a depth filling technique for unfilled regions, which
consists of two steps.
In the first step, we obtain accurate depth values for the filled
regions using a small filter size for the DFD technique. We

usually use a 8×8 or 16×16 filter, which produced good results
in our experiments. In the second step, the depth values in the
unfilled regions are filled using the depth information estimated
with larger filter sizes. When the filter size increases, the
filled regions become larger and contain the previously unfilled
regions. Although the depth estimation is less accurate with a
larger filter size, the depth values for a region becomes more
accurate if the region is converted from unfilled to filled with
the filter size change. Based on this observation, we average the
depth values from larger filter sizes to determine the depth values
of unfilled regions. Since we used a 16×16 filter for the depth
map in Fig. 8, three depth maps with 24×24, 32×32, and 48×48
filters were used for depth map filling.
Once the depth filling for unfilled regions has been conducted,
all pixels in a segment are assigned with the same new depth
obtained by averaging all depth values in the segment. This
updated depth map has more meaningful depth information with
less noise than the initial depth map from the DFD technique.

5.4

Segment clustering and depth map editing

As shown in Fig. 7(b), in image segmentation for depth map update, we use over-segmentation because achieving an exact segmentation of an image into separate objects and surfaces is difficult. Consequently, an object in an image can be divided into several segments with similar depths. To remove unnecessary variations of depths in an image, we cluster neighboring segments
if the difference of the depth values is less than a given threshold. For segment clustering, we use the face clustering technique
proposed by Garland et al. [15].
Although we have enhanced the accuracy of the initial depth
map, the updated depth values can still be inaccurate, which can
be corrected by user interaction in the final step. With the user
interaction, we can cluster several segments into one when they
should be merged together. If a segment needs to be split, then
we can partition a segment into two. When the depth value of a
segment is inaccurate, we can change it to a different value.
The depth filling in Section 5.3 usually generates a reasonable
depth map and the number of segments is reduced by the segment
clustering. Hence, a little user interaction to touch a few
segments was needed in our experiments. Fig. 9 shows the final
depth map obtained by depth filling and user interaction.

6

According to Fig. 3, an image can be considered as a result
of convolution of an all-in-focus image with a point spread
function g(x, y, σ(x, y)), where σ(x, y) is the blur parameter at
a pixel [22, 26]. In most cases, the point spread function can be
approximated by the Gaussian function
gσ (x, y)

=

2
1 − x2 +y
σ2
e
.
πσ 2

(3)

The relationship among the lens parameters, depth, and blur
parameter has been studied in optics [19, 25]. In this paper, we
use the formula derived by Pentland [22],
D

=

f v0
,
v0 − f − σkF

(4)

where D is the depth, f is the focal length, F is the F -number
of the lens, v0 is the distance between the lens and image plane,
σ is the blur parameter, and k is the proportionality coefficient
between the blur circle radius and σ. From Eq. (4), we can
express σ as
σ

=

f v0 /kF
v0 − f
−
.
kF
D

(5)

In Eq. (5), the parameters except for the depth D are intrinsic
parameters of the camera and lens. Given that the camera
parameters are known, we can use the depth D to determine the
blur parameter σ, which can be used for the point spread function
in Eq. (3). By performing image blurring at each pixel with
the point spread function obtained from the depth map, we can
generate the result image with shallow depth-of-field. We apply
the image blurring to the input image I1 , which has a deeper
depth-of-field and thus more similar to an all-in-focus image than
I2 .
Our final depth map contains relative depth values while absolute distances are needed in Eq. (5). When we take photographs,
we roughly measure the absolute distances of two objects from
the camera, a foreground main object and the farthest background
object. By interpolating the absolute distances, relative depth values in the depth map can be converted to absolute distances.
Figs. 10 and 11 show image blurring results. Fig. 10 mimics
the blurring effect of F value 1.0 while Fig. 11 is for F value 4.0.
Note that a F value is inversely proportional to the diameter of
lens. The smaller the F value becomes, the more the image blur
occurs. In the images, the amount of blur is different, especially
in the window blind.

7

Figure 9: Final depth map.

Image Blurring

Experimental Results

For the experiments, we have used a digital SLR camera, Canon
EOS-20D. The lenses used are Canon EF28-70 2.8L and Canon
EF70-200 2.8L IS. The inputs of Fig. 5 and Fig. 12 are taken
by Canon EF70-200 2.8L IS and the inputs of Fig. 13 are from
Canon EF28-70 2.8L. The minimum F values of both lenses
are 2.8. The maximum F values of Canon EF28-70 and Canon
EF70-200 2.8L IS are 22 and 32, respectively. All input images

assumption, however, is not physically correct. Exploiting the
characteristics of real lenses to simulate physically correct image
blurring can be another direction for further exploration.
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(a) image with F value of 32

(b) image with F value of 2.8

(c) target F value is 1.8

(d) target F value is 1.0

Figure 12: Shallow depth-of-field example of portrait

(a) image with F value of 22

(b) image with F value of 2.8

(c) target F value is 1.8

(d) target F value is 1.0

Figure 13: Shallow depth-of-field example of indoor environment

