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Abstract—In this paper we present two methods of depth
extraction for 2D-to-3D video conversion. One for a scene
captured with a static camera and other for the case of a moving
camera, both using information from the motion present on the
scene. In the first method, temporal difference, morphological
operations and a region filling technique are used to segment the
moving objects and define the foreground. Moreover, analysis of
how the detected regions vary over nearby frames is applied to
ensure the temporal consistency. For the regions corresponding
to background, depth values are obtained merging information
from linear perspective and texture characteristics. The second
method is applied when a dynamic background is detected. It
requires an input sequence encoded with H.264, so the motion
information extracted from the compressed bitstream is used to
assign depth values for the entire scene.

I. INTRODUCTION

Three-dimensional television (3D-TV) has recently become
reality, and nowadays a wide variety of 3D products are found
in the consumer electronics market. However, the lack of 3D
content is still a concern. In this scenario is interesting not only
produce 3D compatible content, but also to convert the existing
2D material to the 3D format [1]. The 2D-to-3D conversion
is divided in three categories: manual, semi-automatic and
automatic. Manual and semi-automatic methods involve human
operation and require considerable effort, resulting in time-
consuming and expensive processes. Such methods have been
applied successfully, due to the high quality of the conversion.

However, if it is desired to convert a big volume of data or
to obtain a real-time performance, automatic methods must be
used. A typical automatic 2D-to-3D conversion system consists
of two main steps, as shown in Fig. 1.
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Figure 1. Block diagram for the 2D-to-3D automatic conversion.

The first step of a 2D-to-3D automatic conversion aims to
extract the depth information from a 2D image. The method
explores cues used by the human visual system to perceive
depth, such as linear perspective, motion parallax, occlusion
and many others [1]. It is common to find in the literature
methods that combine information from several depth cues in
order to produce a more realistic reconstruction of the 3D scene
[2], [3]. The depth extraction step results in a grayscale image
called depth map, which contains a per-pixel information about
the depth of the objects with respect to the observation point.
In such map, higher values usually refer to closer points.

The second step of the 2D-to-3D automatic conversion
performs the synthesis of a virtual view, which corresponds
to the original scene observed from a different perspective.
This process is known as Depth-Image Based Rendering
(DIBR) [4]. In the first stage of the DIBR process, called 3D
image warping, the pixels of the original image are shifted
horizontally to produce a disparity. On the second stage, the
holes corresponding to the newly exposed areas are properly
filled. The original and the virtual views form a stereoscopic
pair and are presented to each eye of the observer separately.
The two images are fused in the viewer’s visual cortex, and
the differences between them are interpreted as depth.

In this paper, we address the challenging problem of
recovering the depth from a 2D video sequence. Two cases
are considered, based on the motion detected in the scene.
If the scene was captured with a static camera, the scheme
proposed in [2] is applied. The moving objects are segmented
and assigned to the foreground. The depth for the surrounding
background region is obtained by merging information from
linear perspective and texture characteristics. We based our
algorithm on the one in [2], but we propose some modifications
in order to improve the background-foreground segmentation,
such as morphological operations for noise removal and an
analysis for temporal consistency. Fig. 2(left) shows the block
diagram of the algorithm. The highlighted blocks indicate the
steps related to the refinements proposed in this paper.

In the case of dynamic background, we use information
exclusively from the motion present in the scene to create the
depth map. In this approach, the input video is assumed to
be encoded with H.264, and the information of the motion
estimation vectors is extracted from the compressed bitstream.
The process can be divided in three main steps, as shown in
Fig. 2 (right). This procedure is proposed as an alternative
to the hybrid algorithm for a scene captured with a moving
camera.

The remaining part of this paper is organized as follows:
Section II describes how the conversion is performed for
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Figure 2. Block diagram for the depth extraction in the case of static camera,
proposed in [2] (left) and with a moving camera (right). The highlighted blocks
indicate the proposed improvements to the algorithm in [2].

scenes captured with a static camera. Section III presents the
approach when a moving camera is detected. The experimental
results for both cases are shown in Section IV. Finally, Section
V gives the conclusion.

II. STATIC CAMERA CASE

For the case of static camera, the scheme proposed in [2]
is applied. The main idea of the method is to segment the
image into foreground and background regions. The algorithm
combines three depth cues: motion parallax, linear perspective
and texture characteristics. The analysis of each depth cue
generates an independent depth map, which are merged in
order to create a hybrid depth map. In a final step, the merged
depth map is smoothed to reduce abrupt variations and for
noise removing.

A. Motion Information

The extraction of moving objects is a key operation in
the hybrid depth map generation. First, temporal difference
between two consecutive frames is obtained. The residue frame
R is defined as:

R(i, j) = |Fn(i, j)� Fn�1(i, j)| (1)

where Fn and Fn�1 are the intensities of the current and
previous frames, respectively. We apply a threshold to R in
order to obtain the binary image Rt:

Rt(i, j) =

⇢
1, if R(i, j) > �n (Threshold)
0, Otherwise (2)

The threshold �n is the standard deviation of the pixels of the
current frame:

�n =

vuut 1

N � 1

NX

i=1

(pi � p̄)2. (3)

Fig.3 illustrates the first steps of motion extraction: Fig.
3(a) contains the current frame intensity; Fig. 3(b) shows
the residue D and Fig. 3(c) shows Dt, the result of the
threshold application. Dt contains a considerable amount of
detected regions which do not correspond to moving objects,
being classified as noise. There are also some parts of the
moving objects that are not detected. Additional processing
must be applied in order to obtain the complete foreground
segmentation.
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Figure 3. Motion extraction from temporal difference: (a) Video frame
intensity; (b) Residue; (c) Residue after thresholding process; (d) Result
obtained with morphological operations.

The noise removing is performed with morphological op-
erations. An operation similar to the opening operation is
applied, consisting in a erosion followed by dilation using
different structuring elements. In our tests, the erosion using
a disk shaped structuring element of one pixel radius was
effective for noise removal, without causing too much damage
to the detected objects. Thereafter, the dilation using a disk
shaped structuring element of two pixels radius provided
enhancement of the detected objects and compensated the
effect of the previous operation. Fig. 3(d) shows the result
Rtm obtained with the morphological operations: the amount
of noise is drastically reduced when compared with Fig 3(c).

After removing the noise, we fill the objects partially
detected. First, we compute the following convolution in order
to extract the edges of the detected regions in Rtm:

ERtm =

"
1 1 1
1 �8 1
1 1 1

#
⇤ Rtm, (4)

and for each non-zero pixel in ERtm, we look for another
non-zero pixel vertically and horizontally, inside a range L. If
it is found, we simply draw a line connecting the two points.
The value of L is chosen according to the video resolution. In
this work we used L = 70 for Full HD resolution. After the
iteration through all pixels in ERtm, the object is totally filled.
Fig. 4 illustrates the filling process in detail: Fig. 4(a) shows
the detected regions Dt; Fig. 4(b) shows the result opening
operation; Fig. 4(c) shows the result of Eq. 4; and Fig. 4(d)
shows the final result of filling process.
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Figure 4. Steps of the foreground segmentation, in detail: (a) threshold applied
over the residue; (b) Result of morphological operations for noise removal;
(c) Result of convolution in the Eq. 4; (d) Result of the filling process.

In some cases, the morphological opening is not sufficient
to remove all the noise, and undesired detected regions remain
after its application. The persistent noise gives rise to bigger
areas after the region filling procedure. The regions generated
by the application of the filling technique on noise vary a lot in
position and shape in consecutive frames. To ensure temporal
consistency, we apply a temporal filtering procedure, which
aims to distinguish moving objects from filled regions gener-
ated by noise. The following steps summarize the process:

1) The filter stores the last N filled images in a
FIFO queue Q = {q0, q1, ..., qN�1}. A connected-
component labeling technique [5] is used to extract
blobs Cnp in each image qn stored in the queue:

qn =
[

Cnp. (5)

2) For each image qn in the queue, the blobs with area
smaller than a threshold value Am are discarded,
obtaining qnf :

qnf =
[

Cnp | a(Cnp) > Am (6)

The minimum area of interest Am depends on the
video resolution. For the Full HD resolution, the value
Am = 1000 pixels is used.

3) The intersection I of the detected areas in all frames
in the queue is computed, applying the per-pixel
logical AND:

I = q0f ^ q1f ^ ... ^ q(N�1)f (7)

4) We define Dm as the union of detected blobs that
correspond to moving objects, which are the ones
which contain an intersection in all images of the
queue:

Dm =
[

Cp | (Cp 2 q0f , I \ Cp 6= ?) (8)

The filter output Dm contains only the objects detected
which move in a consistent way along the N frames analyzed.
In this work we used N = 5. Dm is the final depth map based
on motion and corresponds to the scene foreground.

B. Linear Perspective Information

This analysis aims at the determination of the farthest line
in the image, corresponding to the horizon line. In the first
step, edge detection using the Sobel operator is performed.
The intensity value I of the current frame is convolved with
two 3x3 kernels, in order to obtain the vertical and horizontal
derivative approximations, as shown in Eq. 9.

GX =

" �1 0 1
�2 0 2
�1 0 1

#
⇤ I , GY =

"
1 2 1
0 0 0
�1 �2 �1

#
⇤ I

(9)

G =
q
GX

2 +GY
2. (10)

We combine the two components GX and GY through Eq.
10 to obtain the gradient magnitude and a threshold is applied
to define the edges. The next step is to detect the horizon line,
the farthest horizontal line in the scene. To detect the horizontal
lines, a modified Hough transform is applied. For each pixel
in the edges image, we compute:

horizontal line = x cos(⇡/2) + y sen(⇡/2) (11)

where x and y are coordinate values. The values found through
Eq. 11 are accumulated for each vertical coordinate value.
The peak of the histogram defines the strongest horizontal line
detected, considered the horizontal vanishing line. Fig. 5 shows
in red the strongest horizontal lines detected in an image of
edges obtained via the Sobel operator.

Figure 5. Horizontal lines detected (red) in the edges obtained using the
Sobel operator (white).

Given the vertical coordinate yV L of the horizon line, we
spread the gradient to create the depth map based on linear
perspective:

depth =

(
0 , {y | 0  y  yV L}
255⇥ y � yV L

H � yV L
, {y | YV L < y  H} (12)

where H is the image height. Fig. 6 shows an example of
depth map based on linear perspective.

C. Texture Information

The last information used to compose the hybrid depth map
are the texture characteristics. Based on realistic examples, a
study performed in [2] concluded that the texture characteris-
tics should be taken into account in the depth map creation. In



Figure 6. Example of gradient depth map.

this work we obtain the texture information from the intensity
of the current frame, quantizing it with six levels. An example
of texture characteristics is shown in Fig. 7.

Figure 7. Example of texture characteristics.

D. Merging and Smoothing the Depth Maps

To combine the three depth maps we adopt the procedure
described in [2]. For the foreground, the depth is defined by the
linear combination of the depth values obtained from motion
and from linear perspective:

Dmerged = Wm ⇥Dm +WV L1 ⇥DV L, (13)

where Dm and DV L are the depth maps based on motion and
liners perspective, respectively. The values Wm and WV L1 are
the correspondent weights. For the background, the depth is
defined as follows:

Dmerged = Wt ⇥Dt +WV L2 ⇥DV L, (14)

where Dt is the map based on texture characteristics, and Wt

the corresponding weight. The weights are determined in [2],
based on subjective tests. The values are Wm = WV L2 =
0.75 and Wt = WV L1 = 0.25. The last step on depth map
generation is the smoothing, performed with a bilateral filter
[6] in which the domain and range filters are Gaussians with
variances depending on the video resolution.

III. MOVING CAMERA CASE

When a scene is captured with a moving camera, the
foreground-background segmentation would be a much more
complex task than the described on Section II. Thus, in the case
of a dynamic background we adopt another approach, based
uniquely on motion parallax. It is assumed that the input video
is encoded with H.264, so the information about the motion
in the scene can be extracted from the compressed bitstream
[7].

The packets are read from the bitstream and decoded until
we get a complete frame. After that we iterate through every
macroblock to extract the motion information, considering the
following aspects [8]:

• Macroblock subdivision - The macroblock can be
divided into sub-macroblock partitions down to 4x4
pixels for motion estimation. Each partition has its
own motion information.

• Prediction type - If the macroblock was coded in intra
prediction mode, no motion vectors are available. If it
was encoded with inter prediction of P type, there is
one motion vector to be extracted. If the prediction is
of B type, one or two vectors are available.

• Motion vector accuracy - H.264 performs a sub-
pixel motion compensation. The accuracy of the vector
component acquired is quarter-pixel.

• Predicted motion vectors - In some cases the motion
vector is predicted from vectors of nearby partitions.
In these cases we must perform extra calculations to
retrieve the motion values.

The objective of the motion estimation of a video codec
is to find the best match inside a search area and achieve the
maximum data compression. There are cases in which the best
match does not reproduce the real motion, resulting in spurious
motion vectors. In this work, we store the motion vectors in
a two-dimensional array and apply a vector median [9] to
eliminate the spurious motion vectors. The resulting values are
used to create the depth map, assigning gray levels proportional
to the magnitude of the vectors. Fig. 8 shows examples of
depth maps based on the motion information.

Figure 8. Motion vector depth assignment.

The resulting map has low resolution and sharp edges
which probably will not fit the contour of the objects in most
cases. To circumvent, we smooth the depth map applying a
joint bilateral filter [10], using as reference the intensity of the
current frame. The joint bilateral filtering performs the depth
map upsampling and refine the edges of the objects [11].

IV. EXPERIMENTAL RESULTS

The 2D-to-3D video conversion algorithms described in
this paper were implemented in C/C++ and CUDA, using
OpenCV [12] and FFmpeg [13] libraries. Sequences from
RMIT3DV [14] and 3DVQA [15] databases were used to
develop and test the conversion schemes. Due to the absence
of an appropriate quality metric for objective evaluation, the



preliminary results were evaluated subjectively, as commonly
done in the literature [2], [7], and provided good 3D quality. In
the presence of static background, the algorithm described on
Sec. II is applied. The algorithm performs a good segmentation
of the moving objects and the horizon line is correctly iden-
tified. The morphological operations and the temporal consis-
tency filter eliminate regions erroneously detected. Examples
of merged and smoothed depth maps with the corresponding
red-cyan anaglyphs generated via classic DIBR [4] method
can be seen in Fig. 9. In some cases the edges of the moving
objects are not defined with sufficient precision, giving rise to
artifacts in the surrounding regions.

Figure 9. Final depth map (left) and red-cyan anaglyph 3D (right) for the
static camera case.

In the case of dynamic background, the procedure de-
scribed in Sec. III is applied. The joint bilateral filtering
provides a map with fine edge details and coherent depth
values, resulting in a realistic and comfortable 3D video.
The algorithm has been applied in sequences with translating,
zooming, rotating and freely moving camera. We obtained
good results, except when the camera rotates around its optical
axis. In this case, the motion present in the recorded video does
not provide any information about the depth of the scene. Fig.
10 shows the final depth maps (left) and the red-cyan anaglyph
3D (right) generated for scenes captured by a camera with
translating and zooming motion.

Figure 10. Final motion depth maps (left) and corresponding red-cyan
anaglyph 3D (right) for the moving camera case.

V. CONCLUSION

In this paper we presented two methods of depth estima-
tion for 2D-to-3D conversion. The first method, proposed in

[2], is used for scenes with static background. The method
performs a foreground-background segmentation and explores
depth cues such as motion parallax, linear perspective and
texture characteristics. We proposed changes to improve the
foreground segmentation, including morphological operations
for noise removal and introducing a filter to ensure temporal
consistency. The proposed changes improved the foreground
extraction, reducing the amount of false moving objects de-
tected. The second method presented was applied in scenes
with dynamic background. The depth map was estimated from
motion information, extracted from an H.264 bitstream. This
information was able to provide a realistic and comfortable 3D
reconstruction for the majority of the sequences tested.
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