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Real-Time Depth-of-Field Rendering Using
Anisotropically Filtered Mipmap Interpolation
Sungkil Lee, Student Member, IEEE, Gerard Jounghyun Kim, Member, IEEE, and
Seungmoon Choi, Member, IEEE
Abstract—This article presents a real-time GPU-based post-filtering method for rendering acceptable depth-of-field effects suited for
virtual reality. Blurring is achieved by nonlinearly interpolating mipmap images generated from a pinhole image. Major artifacts common
in the post-filtering techniques such as bilinear magnification artifact, intensity leakage, and blurring discontinuity are practically
eliminated via magnification with a circular filter, anisotropic mipmapping, and smoothing of blurring degrees. The whole framework
is accelerated using GPU programs for constant and scalable real-time performance required for virtual reality. We also compare our
method to recent GPU-based methods in terms of image quality and rendering performance.
Index Terms—Depth-of-Field, Mipmap Interpolation, Anisotropic Filtering, Virtual Reality.
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I NTRODUCTION

D

EPTH - OF - FIELD

(DOF) represents a distance range
around a focal plane, where objects appear to be in
the focus for a camera or human visual system [1], [2],
[3]. A finite aperture of a lens maps a 3D point to a circular region in an image, called the circle of confusion (CoC)
whose size is proportional to its distance to the focal
plane. Overlapped CoCs in the image make defocused
objects blurred, while focused objects within the DOF
are seen sharply. In general, the DOF effect is known
to improve photorealism, to mediate monocular depth
perception [4], [5], and to make a focused object attract
attention. In order to take advantage of such benefits in
typical graphics systems, a number of rendering algorithms based on the pinhole camera model have been
developed in the past, forming a spectrum of qualityperformance trade-off, from accurate (e.g., multipass) to
fast (e.g., post-filtering) approaches (see Section 2 for a
detailed review).
Our study aims at rendering DOF effects primarily for
interactive virtual environments (VEs). The most crucial
requirement for employing DOF effects in virtual reality
(VR) is to guarantee sufficient and constant rendering
performance; at least 60 frames/sec is required for DOF
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rendering alone, considering time for other operations
such as stereoscopy, collision detection, and simulation
of other modalities. Among the previous methods, the
GPU-based post-filtering approach using downsampled
images (called the pre-blurring approach) [6], [7], [8], [9],
[10] is the most plausible for this purpose. However,
their quality loss in exchange for rendering speed has
been a problem for the use in VR applications.
This article presents a DOF rendering technique, based
on the post-filtering, that accomplishes both remarkable
real-time performance and acceptable image quality appropriate for VR applications. Four representative images rendered by our method are shown in Fig. 1. Our
method extends the previous pre-blurring approach to
one using a generalized mipmap interpolation approach.
Furthermore, we achieve convincing image quality by
significantly reducing three primary visual artifacts often
present in the pre-blurring approach: bilinear magnification artifact (a magnification artifact occurring due to the
bilinear interpolation of downsampled images), intensity
leakage (pixel intensities in a focused area flowing into
a blurred area), and blurring discontinuity (discontinuity
around blurred boundaries in front of a focal plane).
Major contributions of this article are summarized in
what follows.
First, we propose a nonlinear mipmap interpolation
technique for efficiently generating a color with an arbitrary blurring degree for each pixel in an image. Most
of the previous pre-blurring techniques [6], [7], [8], [9],
[10] approximate the thin-lens model [11] using linear interpolation of original and downsampled images, while
the blurring degree determined by a CoC is nonlinearly
related to the depth of a pixel. Our formulation accurately follows the classic thin-lens model, as originally
proposed by Potmesil et al. [11].
Second, we propose a filtering method for suppressing
the bilinear magnification artifact. Since the pre-blurring
Published by the IEEE Computer Society

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. XX, NO. X, SEPTEMBER/OCTOBER 2008

2

Fig. 1: Example images generated with our DOF rendering method and their depth maps (in the bottom-left corner of each image). The three
scenes except the “Forest” scene (at the bottom right) were rendered in real time. The “Forest” scene was postprocessed in real time from an offline
rendered image. Our method generates realistic DOF effects without any noticeable bilinear magnification artifacts, intensity leakage, and blurring
discontinuity.

approach uses a texture lookup capability in the GPU,
blocky magnification artifacts commonly occur when
one or two samples are used for a blurred pixel [6],
[9], [10]. Some of the previous methods [7], [8] tried
to reduce the artifact using Poisson disk sampling, but
introduced another artifact called “ghosting” that refers
to the overlap of several copies of pixels. Our idea for
this problem is to use special filtering where the neighbor
pixels for filtering are sampled in circular positions at a
one-level lower mipmap.
Third, we propose an anisotropic mipmapping scheme
for reducing the intensity leakage. Since most postfiltering methods use spatial filtering (or downsampling)
regardless of pixel depths, the blurred image inherently
contains intensity leaks from sharp pixels. Although a
few previous methods based on heat diffusion [12], [13],
[14] attempted to reduce this artifact in the original resolution, additional computational cost made their realtime use very difficult. Inspired by the Perona-Malik
pyramid [15], [16], we efficiently preclude the effects of
adjacent pixels on the leakage through mipmap construction.
Fourth, we propose an improved and effective method
for reducing the blurring discontinuity (or depth discontinuity [6]) at blurred regions in foreground. The
discontinuity occurs due to missing directional information from different viewpoints within a lens (also called
partial occlusion [17]). This is an inherent limitation of
all post-filtering methods that use a single viewpoint,
but such an anomaly should be alleviated for acceptable
visual quality. The previous technique such as blurring

of a depth buffer [12] may cause artifacts around the
blurred boundaries. Our method blurs the amount of
blurring instead of the depth, and ensures the blurred
boundaries in foreground look smooth.
Finally, all the methods listed above are completely
accelerated using the GPU. Most essential operations
including blurring and intensity leakage prevention are
performed in reduced resolutions. The computation of
anisotropic filter weights is a slight modification of Gaussian weights. Therefore, our method is greatly faster than
the previous methods that have provided acceptable
image quality, and the performance is comparable to
the pre-blurring techniques. For example, our method
can produce DOF effects 180 frames/sec at a 1024×768
resolution for 3D models with 287k triangles, indicating
sufficient performance for typical VR applications.
The rest of this article is organized as follows. In
Section 2, related work is discussed in more categorical
details. Section 3 describes our basic framework using
the nonlinear mipmap interpolation for real-time DOF
rendering. Sections 4 and 5 extend the basic framework
to reduce intensity leakage and blurring discontinuity,
respectively. Implementation details are provided in Section 6, followed by rendering results and performance
statistics in Section 7. Section 8 discusses the applicability
of our work to VR systems and its current limitations.
Finally, Section 9 concludes the paper along with a plan
for future work.
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R ELATED W ORK

DOF rendering was pioneered by Potmesil et al. [11] and
since then, has been followed by a number of algorithms.
We categorize them into three groups and provide brief
reviews for each.
2.1

Multipass Approach

The most accurate approach to render DOF effects is
simulating multiple rays within the lens with a finite aperture. The distributed ray tracing [18] and the
accumulation buffer method [19] are such examples.
They can handle shading from various rays and partial
occlusion (visibility of an object varies with different
sampling positions on a lens), but they usually require
a large number of view samples (i.e., the number of
model rendering) proportional to the size of the CoC for
producing a convincing DOF effects. Due to the heavy
computational cost, the multipass methods are generally
considered inappropriate for real-time applications.
2.2

3

for interactive applications. In contrast, the pre-blurring
techniques achieve superior real-time performance due
to their simplicity. However, a naively downsampled
image contains the leakage inevitably, and the lack of
intermediate blurring information—because only one
down-sampled image is used—severely deteriorates the
image quality. In order to remove intensity leakage, our
method combines the anisotropic diffusion and the preblurring methods.
As for the blurring discontinuity, most of post-filtering
methods (using a single layer) have not addressed the issue due to the lack of directional information from different lens spots. A notable remedy is the work of Bertalmı́o
et al. [12] that uses a blurred depth buffer. However, their
method sets the blurring degree (corresponding to a CoC
size) to be zero around regions where the foreground
and background meet. Furthermore, the depths around a
non-occluded focused region are blurred. In contrast, we
reduce the artifacts by smoothing the degrees of blurring
instead of depths, using our mipmap framework.

Post-Filtering Approach Using Single Layer

Another main stream to DOF rendering has been the
post-filtering approach. This approach computes the
blurring degree (i.e., the CoC diameter) for each pixel
depth using the thin-lens model proposed by Potmesil
et al. [11], except the pre-blurring methods which use a
crude linear approximation. The post-filtering approach
using a single layer can be classified into the scatter and
gather methods depending on how an image is blurred.
Those using multiple layers are discussed in Section 2.3.
The scatter method [11], [20], for blurring, distributes
the intensities of source pixels in a pinhole image onto
circular sprites (i.e., CoCs). Then, the sprites are blended
from farther to nearer, and normalized such that the
accumulated intensity for each pixel equals to one. Since
sharp pixels are not scattered to the neighborhood, intensity leakage is absent inherently. This method, however,
requires heavy sorting of entire depths, and thus, it has
been used in offline software.
The gather method, on the other hand, simulates blurring of pixels by spatially convolving (filtering) neighbor
pixels within the CoC of a pixel. Starting from iterative filtering with a small kernel [21], algorithms have
evolved to a number of techniques including the preblurring [6], [7], [8], [9], [10], the anisotropic diffusion
[12], the ring-shaped kernel [22], and the separable Gaussian filtering [7], [23]. Most of them intensively utilize
the texture lookup capability of recent GPUs, and hence,
they can achieve real-time performance.
However, most gather techniques involve two severe
visual artifacts: intensity leakage and blurring discontinuity. The intensity leakage results from the spatial filtering that does not account for the CoC variations around
a pixel. Among them, Bertalmı́o et al. has successfully
alleviated the leakage using the anisotropic diffusion
[12]. However, their computational complexity significantly increases with a CoC size, which is undesirable

2.3

Post-Filtering Approach Using Multiple Layers

The post-filtering approach using multiple layers has
been developed to cope with the two problems of the
intensity leakage and the lack of partial occlusion. Inspired by an earlier object-space grouping method [24],
several layer composition methods have been proposed
[13], [14], [25], [26], [27]. They decompose a pinhole
image into several sub-images according to the depth
of pixels. The sub-images are separately blurred using
the Fast Fourier Transform [25], [26], a customized pyramidal processing [27], or anisotropic heat diffusion [13],
[14], and then blended from farther to nearer depths
(similarly to the scatter method).
This approach produces better results compared to
the single-layer methods in terms of intensity leakage
and foreground blurring quality. However, they usually
require sufficient layers for generating natural blurring
transitions between layers, and are inappropriate for
real-time VR applications (e.g., 156 seconds with 11
depth slices for [25], 14.2 ms with 12 sub-images for
[27], and 6–7 frames/sec for [13]). Furthermore, the
discretization problem (an object being separated across
more than one layers) [28] can still degrade the image
quality in areas where layers are overlapped, in spite of
their remedies for the problem.
In this approach, partial occlusion is commonly addressed by extrapolating the exterior boundaries of invisible areas. While the extrapolation cannot recover
accurate colors, the results seem plausible for moderately
blurred scenes. In particular, Kraus et al. [27] used
pyramidal processing similar to our mipmap approach.
Their image quality can be better than ours for a static
image, but may exhibit some flickering in an animated
scene due to the use of significantly blurred images for
filling occluded areas.
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3 DOF R ENDERING BASED
M IPMAP I NTERPOLATION

ON

N ONLINEAR

This section describes the basic structure of our GPUbased DOF rendering algorithm. Given an image rendered with a pinhole camera model, the depth of a
pixel is mapped to a continuous mipmap level, and the
final pixel color with the DOF effect is computed by
nonlinearly interpolating the pixel colors from discretelevel mipmap images. This basic framework is further
extended in Sections 4 and 5 for reducing intensity
leakage and blurring discontinuity, respectively.
3.1 Construction of Mipmap Pyramid
We first render a scene to two textures (one for color
and the other for depth) whose dimension is the same
as a frame buffer. A 16-bit floating-point texture is used
to maintain the precision of depth computation. Our
framework uses the magnification of mipmap images
downsampled from the color texture to simulate spatial
filtering. Since a hardware-generated mipmap exhibits
awkward aliasing in the enlarged images, we employ
Gaussian filtering during downsampling. The depth texture is used for computing a mipmap level required for
nonlinear mipmap interpolation.
Let I(l) be a mipmap image at level l and G be a
Gaussian convolution operator with the kernel size of
3×3. Beginning from an input image (l=0), the next level
(coarser) mipmap is rendered onto a quarter-sized image
by
X
G(q − p)Iq (l − 1), (1)
Ip (l) = G ∗ Ip (l − 1) = wG
q∈Ω

where p is a center pixel position, Ω is a set of the center
and eight neighbor pixels, G(x) is the typical Gaussian
weight at an offset x. wG is the reciprocal of the sum of
the Gaussian weights.
3.2 Computing CoC from Depth
Fetching a color from the constructed mipmap for each
pixel begins with the computation of CoC size from its
depth using the thin-lens model shown in Fig. 2. Here,
the image distance, V , of an object located at P and the
image distance, Vf , of a focal position at Pf are related
to the configurations of the lens and the object by
V =

Fd
d−F

and Vf =

F df
,
df − F

Fig. 2: The thin-lens model [11].

4

(2)

Fig. 3: A mapping from mipmap levels to the standard deviations of a
Gaussian filter that produces the most similar images in terms of RMSE.

where F is the focal length of a lens (typically 16.7 mm
in an adult for an object at infinity [29]). d and df are the
depths at P and Pf , respectively. Then, for an effective
lens size E, the diameter of the CoC on the image plane
(or the human retina), R, can be computed as


E
EF
|d − df |
R = |V − Vf | =
.
(3)
V
df − F
d

R can be further projected onto the diameter of the CoC
on the screen in the pixel space:

ds
R,
(4)
dr
where DP I is the number of pixels per unit length (in
our implementation, dots per mm), and ds and dr denote
the distances from the lens to the screen and the image
plane, respectively. Typically, dr =24 mm for an adult [21]
is used in our computation.
C = DP I

3.3 Relating CoC to Mipmap Level
The pixel-space CoC diameter, C, represents the degree
of blurring obtained by Gaussian filtering at the original resolution. In our approach, the Gaussian filter is
approximated using magnification from a mipmap level
to its original resolution. Since the blurring degree is
determined by the intensity distribution function in a
CoC [11], [30], we should choose a specific lens, such
that its optical property matches the Gaussian intensity
distribution with a standard deviation, σ. In our implementation, a lens with σ = C/2 is chosen, and σ is called
the degree of blurring (DoB).
A quantitative relationship between σ and a corresponding mipmap level, m, can be found by finding a
best match in terms of pixel-wise root-mean-square error
(RMSE) between a blurred image using the Gaussian
filter and an image magnified from the mipmap. Average results empirically obtained with the “Lena” and
“Baboon” images are provided in Fig. 3. The relation
between m and σ can be approximated by
3
σ = · 2m−1 .
(5)
2
Using this rule, we can define a continuous mipmap
level index, m, related to σ, as

0
if kσ σ < 0.5
m=
,
(6)
1+log2 (kσ σ) otherwise
where kσ (= 23 in our implementation, from (5)) is a
scaling constant. The values of σ such that kσ σ < 0.5
represent that the corresponding filtering has no effect.
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5

(b)

Fig. 4: A comparison between (a) rectangular sampling and (b) our circular sampling for Gaussian filtering. In the circular sampling, diagonal
samples (red points) are located more closely toward the center.

3.4 Nonlinear Mipmap Interpolation with Circular Filtering
An adequately blurred pixel color can be obtained by
magnifying a mipmap image at m to the original resolution. A major difficulty in this step stems from the
fact that, although m is defined in a continuous range, a
mipmap has discrete levels. Thus, an interpolation using
two integer mipmap levels, l = ⌊m⌋ and l+1, is required.
Once l and m are determined for a pixel p, a straightforward interpolation can be
Ip (m) = Ip (l)1−β Ip (l + 1)β , where β = m − l.

(7)

However, when this interpolation is implemented using
the built-in bilinear magnification, it may exhibit some
blocky artifacts that can cause temporal flickering in dynamic scenes. This magnification can be improved using
a cubic interpolation [31], but with heavy computation.
Our strategy is to blend neighbors at the one-lower
mipmap level, m−1:
X
G(q − p)Iq (l − 1)1−β Iq (l)β .
(8)
Ip (m) = wG
q∈Ω

This equation uses finer mipmap images that contain
more image details, and thus, results in magnification
quality much better than that of cubic interpolation using
the source pixels at level m. Moreover, this technique
requires only eight additional texture lookup operations
per pixel compared to the 16 operations of cubic interpolation (one for weights and 15 for neighbor pixel colors).
Another technique we use for quality improvement is
to change the sampling positions to follow a unit circle
as shown in Fig. 4b. In general, the bilinear interpolation
artifacts are worst at pixels corresponding to edges in a
lower resolution image. When such a pixel is sampled
from a non-edge position, the artifact can be suppressed.
For example, a pixel at the upper right is sampled from
( √12 , √12 ) instead of (1, 1) (see Fig. 4). We found that this
simple technique greatly improves magnification quality.
Fig. 5 shows a comparison between images magnified
using the bilinear magnification and our method.

4 A NISOTROPIC M IPMAP C ONSTRUCTION
FOR I NTENSITY L EAKAGE R EDUCTION
In this section, we extend the basic framework (described
in Section 3) to further reduce intensity leakage using an anisotropic Gaussian filter. Since our anisotropic
filter, unlike the isotropic mipmapping, uses DoB (σ)

(a)

(b)

Fig. 5: A comparison of DOF effects with (a) bilinear magnification and
(b) our magnification method with finer mipmap images and the circular
blending. The bilinear magnification yields severe jagged artifacts, while
ours almost removes the artifacts and well maintains the object shapes.

and depth values at each mipmap level, we also build
isotropic mipmaps for depth and DoB, and denote them
by Z and B, respectively.
In principle, intensity leakage occurs when focused
pixels are blended during Gaussian filtering for pixels
behind the focal plane (i.e., background), whereas the
focused pixels have small CoCs and thus hardly affect
their neighborhood. Hence, if we preclude the effects of
the focused pixels when building the mipmap of color,
the leakage can be effectively removed. Fig. 6 illustrates
how pixel intensities flow during building a mipmap
with 3×3 isotropic and anisotropic Gaussian kernels. In
Fig. 6b, if a neighbor pixel has a DoB lower than its
center pixel (higher sharpness; σq < σp ), the pixel is not
blended, because it has a smaller CoC than the center
pixel (the upper three pixels). On the other hand, if a
neighbor pixel has a DoB larger or equal to that of the
center pixel (less sharp; σq ≥ σp ), the pixel is blended
for proper blurring (the other five pixels).
This behavior can be implemented by simply replacing the isotropic Gaussian operator G in (8) with an
anisotropic Gaussian operator H defined as
H(p,
 q, l) =
0
if σp (l) > σq (l)+δ and Zp (l) > Zf
,
G(q − p) otherwise

(9)
where σq (l) and σp (l) denote the DoBs at mipmap level
l, and Zp (l) the depth at l. δ is a slight offset for
allowing neighbor pixels with similar DoB values to be
included in blurring. The second condition (Zp (l) > Zf )

(a)

(b)

Fig. 6: An illustration of the two 3×3 Gaussian filters used during
mipmapping: (a) isotropic Gaussian filter and (b) anisotropic Gaussian
filter. The elevated pixels represent sharp pixels (lower σ than other
pixels), and the arrows indicate the direction of intensity flow.
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(a)

(a)

(b)

Fig. 7: A comparison of the results generated by the (a) isotropic and
(b) anisotropic Gaussian mipmapping. The intensity leakage around the
sharp area (leaked brown colors in (a)) was greatly reduced in (b).

means that the leakage is prevented only for background
pixels. Fig. 7 shows comparative results generated by the
isotropic and anisotropic mipmapping.
The use of the anisotropic Gaussian filter is better than
the previous pre-blurring approach [6], [7], [8], [9], [10] in
terms of resulting image quality and than the anisotropic
diffusion approach [12], [13], [14] in terms of rendering
performance. Since the downsampled images already
contain intensity leakage, remedies in the magnification
step [8] cannot be very efficient nor accurate. Instead,
we have chosen to preclude the leakage during downsampling. The anisotropic diffusion requires a great deal
of iteration, even for a moderately blurred scene. In
contrast, our method performs leakage prevention in
lower resolution, and the computational cost is only
dependent on the number of mipmap levels. As a consequence, our method guarantees stable performance
suitable for real-time VR applications, with significantly
reduced intensity leakage.
The anisotropic Gaussian filter can also produce a
minor artifact. The filter is a kind of simplified bilateral
filter [32], [33] and tends to preserve edges around
focused and background areas, although background
edges should be filtered out for proper blurring effects. We, however, note that the preserved background
edges cannot be easily perceived when magnified to the
original resolution, due to the smoothing effect of the
magnification itself.

5

6

(b)

(c)

Fig. 8: DoB and DoN textures: (a) an original DoB image (σ(0)), (b)
a DoB image foreground-smoothed using ρ(M ) (σ(n)), and (c) a DoN
image read from the highest mipmap level, M (ρ(M )). Note that the
background pixels in ρ(M ) are black (i.e., ρ(M )=0). The images were
scaled for illustration.

In our framework, a partial occlusion effect can be approximated by fetching blurred colors for pixels around
the foreground and its boundaries. In (6), a mipmap
interpolation level, m, was determined from a discontinuous DoB value, σ(0) (see Fig. 8a). Hence, if we fetch
σ from a higher mipmap level, n, instead of σ(0), the
foreground boundaries can be smoothed (see Fig. 8b). In
addition, n should be higher for only around foreground
objects to maintain non-occluded areas sharply.
Observing that a focused pixel can be occluded by
nearer foreground neighbor pixels, we store the highest
DoB value among the pixels. We call this value the
degree of foreground neighbors’ blur (DoN; ρ), and build
the mipmap of DoN, N , as
(
max′ σq (l−1) if Ω′ 6= null
q∈Ω
ρp (l) =
,
(10)
0
otherwise
where Ω′ denotes a subset of Ω containing foreground
neighbor pixels (Zq < Zf ) nearer than the center pixel
(Zq < Zp ). If a DoN value is taken and magnified (using
the circular filtering) at the highest mipmap level, M ,
this value (i.e., ρ(M ); see Fig. 8c) can be used for finding
the foreground objects and their boundaries that may
occlude non-foreground areas.
These conditions are satisfied by defining n as

0
if kσ ρ(M ) < 0.5
n=
.
(11)
1+log2 (kσ ρ(M )) otherwise

S MOOTHING F OREGROUND B OUNDARIES

In this section, we explain a method for smoothing discontinuous foreground boundaries. Since the majority of
post-filtering techniques use a single color/depth image,
partially visible areas behind foreground objects cannot
be accurately rendered. This limitation may cause objectionable artifacts where blurred boundaries around the
foreground look discontinuous. We alleviate the artifact,
without additional visibility information, by improving
the previous depth buffer blurring method [12] and
merging it to our mipmap framework. Note that reading
a pixel from a specific mipmap level corresponds to
blurring of the pixel.

(a)

(b)

Fig. 9: A comparison of the results generated with (a) discontinuous
DoBs and (b) smoothed DoBs using our method. The blurring discontinuities are significantly reduced in the right image.
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Fig. 10: The overall framework of our DOF rendering applied at every rendering frame.

This is equivalent to (6) but applied to the mipmap of
DoB instead of color. As a result, n for a foreground
pixel is determined from a higher (coarser) mipmap level
(kσ ρ(M ) > 0.5; non-black pixels in Fig. 8c) of B, and n
is smoothly changed from the foreground to the boundaries. On the other hand, n for a background or focused
pixel is determined from the level 0 (kσ ρ(M ) ≤ 0.5; black
pixels in Fig. 8c), which allows non-foreground DoBs to
be maintained sharply. As a consequence, a DoB image
is smoothed for only foreground and its boundaries,
and the discontinuity can be practically removed. Fig. 9
highlights the difference between images rendered using
discontinuous and smoothed DoBs.
Compared to the blurring of a depth buffer [12], our
smoothing technique is a great improvement in the following aspects. First, our method does not cancel DoBs
where the foreground and background meet, owing
to the blurring of DoB instead of depth. Second, our
method using the circular filtering shows no bilinear
artifacts in the blurred DoBs. Finally, our method can
smoothly blend the occluded focused area with the
non-occluded focused area, whereas the depth blurring
method cannot blend the two areas easily (no details
presented in [12]).

6

I MPLEMENTATION D ETAILS

The DOF rendering algorithm presented has been implemented using the OpenGL and the OpenGL Shading
Language [34]. The computational procedure consists
of five steps as illustrated in Fig. 10 with the circled
numbers representing each step.
In step 1, the graphics engine renders color, depth, and
DoB to two floating-point textures, I(0) and ZBN (0)
(DoN is not defined in this step). The three channels
(usually for “red-green-blue”) are used for Z, B, and N .
In order to avoid redundant model rendering, I(0) and
ZBN (0) are simultaneously rendered using multiplerender-target (MRT) capability in the GPU, which involves the use of multiple textures as output targets.

In step 2, ZBN is built in parallel using ZBN (0) as a
source. Z and B are downsampled using the isotropic
Gaussian filtering, and N is down-sampled using a
maximum DoB value among foreground neighbor pixels. The rendering of sub-maps begins from the level
one (i.e., quarter-sized map), and continues to the level
corresponding to the maximum DoB, σmax .
In step 3, I is built using the anisotropic Gaussian
filtering. During the downsampling, the depth and the
DoB values read from ZBN are used for computing
the anisotropic filter weights. In practice, steps 2 and
3 can be simultaneously executed in a single shader
using MRT capability to avoid redundant rendering and
texture lookup operations for depth and DoB.
In step 4, the DoB image, B(0), is smoothed using
the mipmap of DoN, N . We first read and magnify
the DoN value, ρ(M ) (i.e., N (M )), from the highest
mipmap level with the circular filtering (using 5-point
or 9-point samples). Next, we read the DoB value, σ(n),
from the mipmap level, n, that corresponds to ρ(M ).
This smoothed DoB, σ(n), is used to determine the
interpolation level, m, for color.
In step 5, a result image with a DOF effect is produced
by interpolating the two pixel values read from the color
mipmap. To remove the bilinear artifacts we sample 16 (2
levels × 8 offsets) additional neighbors using the circular
offsets. The two texture lookup operations for reading
pixels in the adjacent mipmap levels can be performed
in one operation using the mipmap biasing [34] that
directly reads a sub-image at a non-integer mipmap
level. Thus, 18 texture lookup operations are reduced to
9 operations. We tested and confirmed that the difference
between the results of the mipmap interpolation and the
mipmap biasing is marginal.

7

R ESULTS

In this section, we report the image quality and rendering performance of the proposed DOF rendering
framework and compare them to those of recent GPUbased post-filtering methods.
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(a)

(b)
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Fig. 11: A comparison of background-blurred images, for (a) the pinhole image, rendered by (b) the accumulation buffer method (reference method)
[19], (c) ours, (d) Kraus et al. [27], (e) Zhou et al. [23], and (f) Scheuermann [8]. The nearest can is focused. P SN Rs for (c), (d), (e), and (f) are
37.66 dB, 25.89 dB, 31.65 dB, and 25.5 dB, respectively.

7.1

Rendering Quality

We have compared our implemented framework to
recent real-time post-filtering techniques: Kraus et al.
[27], Zhou et al. [23], and Scheuermann [8], which are
based on the pyramidal image processing (similar to our
mipmap approach but using multiple layers), the separable Gaussian filtering, and the pre-blurring, respectively.
The accumulation buffer method [19] was also implemented for the reference of image quality. We did our
best to balance minor differences among the methods
for fair comparisons; for example, in Kraus’ method we
used eight layers for producing similar blurring degrees.
In addition to subjective comparisons, visual quality was
assessed in terms of peak signal-to-noise ratio (P SN R)
that is a common objective quality metric. The P SN R
was computed as 10 log10 (2552 /M SE) where M SE represents the mean squared error for the reference image
rendered by the accumulation buffer method.
We first report the image quality of background blurring, primarily to illustrate intensity leakage. Fig. 11
shows the result images for the “Cans” scene. The intensity leakage was observed in the result by Scheuermann’s method only (red colors are spread over the
outer boundary of the focused can; see Fig. 11f). Regarding blurring quality, our method generated a natural image without objectionable artifacts including the
bilinear magnification artifacts. Other methods, however,
revealed some artifacts specific to each. In that of Kraus
et al., overall colors seem slightly brighter than the others
(see Fig. 11d), resulted from the repeated inclusion of
identical pixels into multiple layers. That of Zhou et
al. appeared to be irregularly blurred and distorted (see
Fig. 11e), caused by the violation of the separability of
the filter—their filter is not separable. Scheuermann’s
failed to achieve accurate blurring degree; their image
seemed like a mix of the original and much blurred im-

ages rather than an adequately blurred one (see Fig. 11f).
This is because their method used no intermediate blurring information. The computed P SN Rs also confirmed
the quantitative differences. Our method created an
image most similar to the reference (P SN R=37.66 dB),
whereas the others showed relatively lower P SN Rs
(25.89 dB, 31.65 dB, and 25.50 dB, respectively).
Fig. 12 illustrates the quality of foreground-blurred
images. The “Sponza Atrium” scene was used for comparison. It can be seen that all methods including ours
failed to achieve correct partial occlusion effects (the reference is shown in Fig. 12b); particularly, sharp and semitransparent focused areas were not handled correctly.
For the blurring discontinuity, the methods of ours and
Kraus et al. could maintain smooth boundaries around
the foreground objects, while those of Zhou et al. and
Scheuermann failed to do so. Moreover, Scheuermann’s
showed clear bilinear magnification artifacts. Although
the method of Kraus et al. has an advantage for partial
occlusion effects due to the boundary extrapolation, it
resulted in distorted colors (brighter than the others) that
can degrade the image quality. These quality differences
were well reflected into P SN Rs, where our method
showed better image quality (35.41 dB) than the others
(24.43 dB, 31.63 dB, and 28.66 dB, respectively).
Our framework is not perfect with regard to partial occlusion. In principle, the focused area partially occluded
by foreground objects should be sharply and semitransparently represented (as shown in Fig. 12b). Our method,
however, may fail especially for high blurring degree.
An example is given in Fig. 13 where unnatural partial
occlusion rendering appears for the mean CoC diameter
(C̄) larger than 16 pixels. This tendency was common
to many cases we tested. This limitation results from
the use of a single color/depth image as an input [28].
The mean CoC diameter less than 16 pixels is usually
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(a)
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(f)

Fig. 12: A comparison of foreground-blurred images, for (a) the pinhole image, rendered by the same methods in Fig. 11: (b) the accumulation buffer
method, (c) ours, (d) Kraus et al., (e) Zhou et al., and (f) Scheuermann. The farthest wall is focused. P SN Rs for (c), (d), (e), and (f) are 35.41 dB,
24.43 dB, 31.63 dB, and 28.66 dB, respectively.

Fig. 13: The evolution of blurred appearance. When the mean CoC diameter (C̄) is equal to or less than 16 pixels, the artifacts do not stand out.

sufficient for simulating DOF effects in a human eye,
but can be insufficient for simulating a camera system
with a large aperture.
The last quality issue is temporal flickering that may
occur when downsampled images for blurring are used
in dynamic environments. We have tested each method
for interactive navigation. The method of Zhou et al.
showed no flickering. In our method, flickering was
observed only for much blurred scenes (e.g., the mean
CoC diameter larger than 32 pixels), since more than
eight neighbor pixels seem to be necessary in our circular filtering for such cases. In contrast, Scheuermann’s
method exhibited severe flickering due to the bilinear
magnification. The same is applied to Kraus’ method
especially around the boundaries of focused areas, due to
the use of coarser images for extrapolation. In summary,
the methods of Zhou and ours are adequate for dynamic
environments with respect to temporal flickering.
To summarize, our method simulates realistic DOF
effects in an image without noticeable artifacts including bilinear magnification artifact and intensity leakage.
Despite missing directional information, image quality
on foreground blurring is acceptable for moderately
blurred scenes. Furthermore, in such a blurring range,
our method does not exhibit temporal flickering in dynamic environments.

7.2

Rendering Performance

We measured the rendering performance of the four
methods in terms of frame rate. The test was performed
on an Intel 2.67 GHz Core2Duo machine with an nVidia
GeForce 8800GTX at 1024×768 display resolution. The
accumulation buffer method was excluded, since it requires at least 1 sec per image. Four scenes, “Forest”,
“Cans”, “Elephants”, and “Sponza Atrium”, shown in
Fig. 1 were chosen for various scene complexity. The
numbers of triangles were 2 (a quad for the rendered
image), 287,695, 456,114, and 2,061,886, respectively. Focal parameters were controlled so that the mean CoC
size, C̄, changed from 4 to 128 pixels.
Fig. 14 shows the benchmark results. The method
of Scheuermann was the highest due to its simplicity.
Our method ranked the second, with frame rates higher
than 90 frames/sec even for the most complex scene.
The performance was also independent from the size
of CoC. The method of Kraus et al. was the slowest
with the best frame rate lower than 30 frames/sec,
indicating that it cannot be used for real-time VR applications. The performance of Zhou et al. had significant
correlation with the CoC size. Its frame rate was the
highest for small CoCs but rapidly dropped to be slower
than our method with increasing CoC. To sum up, our
method demonstrated a balanced performance between
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Fig. 14: Performance comparison in terms of frame rate for the four methods: ours, Zhou et al. [23], Scheuermann [8], and Kraus et al. [27].
TABLE 1: Examples for the number of texture lookup operations required in GPU programs for the four methods. The largest CoC is 16 pixels
(σmax = 8) at a 1024×1024 display resolution. 1,048,576 (= 1024 × 1024) operations are considered one unit.
Method

Ours

Total units

20.98

Intermediate operations

Units required to an operation

Building the mipmap of depth, DoB, and DoN
Building the mipmap of color
Smoothing foreground DoB with 5-point circular filtering
Mipmap interpolation (biasing) with 9-point circular filtering

9×(1/22 +1/42 +1/82 +1/162 )
9×(1/22 +1/42 +1/82 +1/162 )
6
9

Downsampling and Gaussian filtering of color to 1/162 size
Reading the original color/depth during blending
Reading the downsampled color during blending

9×(1/162 )
12
12

Scheuermann

24.04

Zhou et al.

27.00

Reading the original color/depth during horizontal filtering
Reading the blurred color and the original depth during vertical filtering

4×2+1
2×(4×2+1)

173.02

Culling of foreground pixels
Analyses for disocclusion and pyramidal blurring
Syntheses for disocclusion and pyramidal blurring
Matting of the disoccluded sub-images
Blending of the blurred sub-images

8
8×(4+16)×(1/22 +1/42 +1/82 +1/162 )
8×(5+4)×(1+1/22 +1/42 +1/82 )
8
8

Kraus et al.

Note. For Scheuermann’s, 12-point sampling was used in the final blending step. For that of Zhou et al., the mean CoC radius was assumed
to be 4 pixels, requiring 9 (=4×2+1) iterations. Kraus’ method used 8 layers. Implementation details for each are found in [8], [23], [27].

the speed and the independence from the degree of blur,
proving its adequacy to VR applications.
Finally, the results of formal analysis on the computational costs of the four methods with respect to the
number of texture lookup operations (the most relevant
bottleneck in a GPU program [12], [23]) are summarized
in Table 1. A scene where a maximum CoC diameter is
16 pixels at 1024×1024 display resolution is used for the
comparison. Operations required for model rendering
are excluded. All methods except ours used a RGBA
color/depth texture where the depth is stored in the
alpha channel, while ours used a ZBN mipmap to read
a depth. The table shows that our method requires only
20.98 units (1 unit = 1,048,576 = 1024×1024 operations),
which is much smaller than those of the other methods (24.03, 27.00, and 173.02 units, respectively). This
is because in our method most operations except the
final blending are carried out in coarser resolutions.
Our method also has additional overhead for building
and copying mipmaps by rendering multiple view-ports,
which results in the final performance shown in Fig. 14.

8

D ISCUSSION

We have shown that our DOF rendering framework
satisfies both acceptable image quality and sufficient

rendering performance that are appropriate to our target,
VR applications. Our method yields accurate results that
cannot be easily distinguished from those of multipass
rendering, except for scenes with a high blurring range
(e.g., C̄ > 16; see Fig. 13 again). In such scenes some artifacts may occur due to the lack of information required
for correct handling of partial occlusion, and this is an
inherent limitation of the post-filtering approach. We,
however, argue that such high-degree blurring is very
rare in VR applications. Suppose that we use a projection
display located at 3 m in front of the user’s pupil,
and that its resolution and dimension are 1024×768
and 3.2 m × 2.4 m, respectively. Using the typical lens
parameters of the human eye [21], we have the following
numbers: dr =24 mm, E=4 mm, F =17 mm, ds =3000 mm,
ds /dr =125, and DP I=0.32 pixels/mm. Considering the
shape of the CoC function [27], objects producing maximum CoCs are mostly located at the nearest distance
from the eye. If the nearest distance is 300 mm (d=300
mm), the maximum CoC diameter computed by (4)
does not exceed 10 pixels. This indicates that our DOF
framework can be used for VR applications without
quality issues.
Another expected advantage of our DOF rendering is
related to the depth cue in a VE. A DOF effect in an
image is regarded as a relative depth cue rather than
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an absolute depth cue [35], similarly to other pictorial
depth cues (e.g., relative size, texture gradient, and
occlusion). In particular, perceiving the relative order of
objects is greatly facilitated by the DOF effects [4], [5].
However, sharply maintained foreground boundaries in
the previous post-filtering techniques often make this
judgment ambiguous. The correct judgment of the relative order requires foreground boundaries to be blurred
over focused objects [4]. Since our method uses different
blurring behaviors in the background and foreground
by smoothing foreground boundaries, we anticipate that
our method can help the correct judgment of the relative
depth order of objects located in a VE.
Our current framework does not support various
point-spread functions (PSFs; also called the intensity
distribution functions [30]) of a lens. The PSF of a lens
controls the appearance distorted by the aperture shape
or the aberration of a lens (called the “bokeh” [36]).
The bokeh effect can be realized by stochastic sampling
that follows a specific PSF [37], but our framework
only supports Gaussian PSF. This is because our method
approximates the spatial filtering using coarser images
that do not allow stochastic sampling. This limitation,
however, is common in the pre-blurring (using downsampled images) or iterative filtering techniques that
approximate spatial convolution.

9

C ONCLUSION
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