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Abstract 

 
In this paper, we present a structured light method to 

recover depth maps. Contrary to most temporal coding 
methods which require projecting a series of patterns, our 
method needs one color pattern only. Unlike most spatial 
coding methods which establish correspondence only 
along the edges of the captured images, our method 
produces a dense set of correspondence. Our method is 
built upon an important observation that a Gaussian 
blurred De Bruijn pattern preserves the desirable 
windowed uniqueness property. A Gaussian blurred De 
Bruijn pattern is used so that the color of every 
illuminated pixel is used to its fullest advantage. The 
simulated experiments show that the proposed method 
establishes a correspondence set whose density and 
accuracy are close to that of using temporal coding 
methods. We also demonstrate the robustness of our 
approach by applying it to several real-world datasets. 
 

1. Introduction 
Stereo matching refers to the process of taking two or 

more images as input, and establishing correspondence 
among pixels in the images, and finally converting their 
2D positions into depths. It has been extensively 
researched in the computer vision community, and 
continues to be an active research area. There are many 
applications for stereo vision in the various fields. For 
example, it is an important step for a robot to extract 
information about relative positions of objects in a scene. 
It can also be used in object recognition and is applied to 
view morphing, image-based rendering, 3D model 
building and so on. 

Stereo methods can be classified into two major 
categories, which are passive and active methods. Passive 
stereo methods established correspondence among images 
with no priori information. Passive stereo research has 
reached a new era since the introduction of a publicly 
available performance evaluation site called Middlebury 
Computer Vision Page [14], which allows researchers to 
compare their methods with other state-of-the-art methods. 

However, passive stereo methods have limitations when 
there are occlusions and textureless regions present in the 
scenes. In contrast, active methods such as laser scanning 
and structured light, project illumination pattern into the 
scenes to create identifiable features and hence to 
minimize the difficulty of establishing correspondence. In 
fact, the structured light method [22] is used to construct 
the ground truth for the depth maps used in the 
Middlebury site [14]. Therefore, the active methods are 
much more accurate comparing with the passive methods. 

In this paper, a structured light method is proposed to 
recover depth maps. Unlike the method in [22] that 
requires projecting a series of illumination patterns, our 
method projects only one single color pattern. At the heart 
of our approach is a very important but overlooked 
observation that a Gaussian blurred pattern can be used to 
construct easily identifiable features, the property of which 
is proved in Section 3. The usage of a Gaussian blurred 
pattern provides dense and accurate correspondence. The 
advantages of using a Gaussian blurred pattern are further 
discussed in Section 5. 

Our major contributions include the following. 
 An important observation that a Gaussian blurred 

De Bruijn pattern can be used in a structured light 
system. 

 A new method that requires only one-shot of the 
scene to produce dense stereo correspondence. 

The organization of this paper is as follows. Section 2 
introduces some related work. Our method is proposed in 
Section 3. Following that, Section 4 shows some 
experimental results. We discuss the advantages of our 
method in Section 5. Finally we conclude and present 
future work in Section 6. 

2. Related Work 
In the early stage of active stereo vision research, a laser 

or light stripe is used to scan the scene. This kind of 
techniques can be time consuming. Later on, much faster 
methods are developed which project coded patterns into 
the scene. These methods are referred to as the coded 
structured light methods, and there are some excellent 
surveys exist [2] [20] [21]. To provide an exhaustive 
review of previous work is certainly beyond the capacity 
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there are two sets of 푛 contiguous pixels that are different 
from each other, then there exists at least one color 
channel that is different and we only focus on that 
channel. Denote the pixel value of that channel to be 푃 
and 푄 for the two sets. To be more specific, 푃 =
푝 푝 …푝  and 푄 = 푞 푞 … 푞 . 푃 ≠ 푄 represents that there 
exists one or more 푖 such that 푝 ≠ 푞  where 푖 ∈
{1, 2, … ,푛}. After applying Gaussian blur to 푃 and 푄, the 
results are denoted as 푃 = 푝 푝 …푝  and 푄 =
푞 푞 … 푞 , respectively. We need to prove that 푃 ≠ 푄 →
푃 ≠ 푄 . It states that if two sets of 푛 contiguous pixels are 
different, then the results of applying Gaussian blur to 
them are different, which means that the result has the 
windowed uniqueness property. 
Theorem. Given the above assumptions, 푃 ≠ 푄 → 푃 ≠
푄 . 
Proof. According to the definition of Gaussian blur, 푝  is 
the weighted sum of the neighboring pixels of 푝 . We 
denote the neighboring pixels of 푝  as a vector 퓝풑풊 =
{푝 , … ,푝 ,푝 ,푝 , … ,푝 }. Similarly, 퓝풒풊 =
{푞 , … , 푞 ,푞 , 푞 , … ,푞 } is the vector denoting the 
neighboring pixels of 푞 . Since 푃 ≠ 푄, we can always find 
an 푖 such that 퓝풑풊 ≠ 퓝풒풊. We divide the relationship 
between 퓝풑풊 and 퓝풒풊 into two scenarios.  

1) 퓝풑풊 is the mirror of 퓝풒풊 and 퓝풑풊 ≠ 퓝풒풊. In this case 
푝 = 푞 ,…,	푝 = 푞 , 푝 = 푞 , 푝 = 푞 , … 
,	푝 = 푞 .  

2) All the other possibilities where 퓝풑풊 ≠ 퓝풒풊. 

● We prove the second scenarios first. We denote the 
weight of the Gaussian kernel as a vector 풘. Then 
푝 = 풘푻퓝풑풊 and 푞 = 풘푻퓝풒풊 where 풘푻 is the transpose 
of 풘. We need to prove that 퓝풑풊 ≠ 퓝풒풊 → 푝 ≠ 푞 . The 
reason is that if there exists an 푖 where 푝 ≠ 푞 , then 
푃 ≠ 푄 . 
풘푻퓝풑풊 and 풘푻퓝풒풊 can be written as: 

풘푻퓝풑풊 = 푤 푝 + ⋯+ 푤 푝 + ⋯+ 푤 푝 				(1) 

풘푻퓝풒풊 = 푤 푞 + ⋯+ 푤 푞 + ⋯+ 푤 푞 				(2) 

Notice that there could exist some 푝  and 푞  such that 
푝 = 푞  and 푤 푝 = 푤 푞 . All the terms with the same 
푤 푝  and 푤 푞  are cancelled once the following operation 
is performed: 풘푻퓝풑풊 −풘푻퓝풒풊. Since we assume that 
퓝풑풊 ≠ 퓝풒풊, we can always find an 푖 such that 푝 ≠ 푞 . 
Therefore the equation can be re-written as in the 
following equation. 

푝 − 푞 = 풘푻퓝풑풊 −풘푻퓝풒풊 = 

1
√2휋휎

푐 푒 + 푐 푒 + ⋯+ 푐 푒 								(3) 

Here 푘  denotes all the remaining indices that are not 

cancelled. None of the items in (3) is 0, i.e. 푐 ≠ 0, 푐 ≠
0, … , 푐 ≠ 0. Denote 푎 = 푒 . Assume that	휎 is a 
rational number. Since 푒 is a transcendental number, it 
follows that 푎 is also transcendental. On the other hand, 
(3) can be re-written as: 

푝 − 푞 = 풘푻퓝풑풊 −풘푻퓝풒풊 = 

1
√2휋휎

푐 푎 + 푐 푎 + ⋯+ 푐 푎 								(4) 

Since 푐 ≠ 0, 푐 ≠ 0, … , 푐 ≠ 0, we conclude that (4), 
which is 푝 − 푞 , can never equal to 0. It can be seen by 
Reductio ad absurdum, if 푝 − 푞 = 0, then 푎 is algebraic, 
which is clearly a contradiction. Therefore, 퓝풑풊 ≠ 퓝풒풊 →
푝 ≠ 푞 . 
● Next we prove the first scenario when 퓝풑풊 is the mirror 
of 퓝풒풊 and 퓝풑풊 ≠ 퓝풒풊. Consider (1) and (2), the weight 
of the Gaussian kernel is symmetric with respect to its 
center. That is, 푤 = 푤 ,…,	푤 = 푤 . Since 퓝풑풊 
is the mirror of 퓝풒풊, which means that 푝 =
푞 ,…,	푝 = 푞 , 푝 = 푞 , we can easily see that 
풘푻퓝풑풊 = 풘푻퓝풒풊. This is the only case when 퓝풑풊 ≠ 퓝풒풊 
yet 풘푻퓝풑풊 = 풘푻퓝풒풊 because 풘푻퓝풑풊 −풘푻퓝풒풊 = 0, 
which means that 푝 = 푞 . In order to prove the theorem, 
we need to show that if 퓝풑풊 is the mirror of 퓝풒풊, then 
퓝풑풊 ퟏ is not the mirror of 퓝풒풊 ퟏ. If that is true, the 
relationship between 퓝풑풊 ퟏ and 퓝풒풊 ퟏ belongs to the 
second scenario which we have proved already. 
The basic procedure of proving that 퓝풑풊 ퟏ is not the 
mirror of 퓝풒풊 ퟏ is by using Reductio ad absurdum and can 
be described as follows. From the definition of 퓝풑풊 and 
퓝풒풊, we have: 

퓝풑풊 ퟏ = 푝 …푝 푝 …푝  

퓝풒풊 ퟏ = 푞 … 푞 푞 … 푞  

Suppose 퓝풑풊 ퟏ is the mirror of 퓝풒풊 ퟏ, then we can prove 
that 퓝풒풊 is a mirror of itself. Since 퓝풑풊 is the mirror of 
퓝풒풊, we conclude that 퓝풑풊 = 퓝풒풊, which is clearly a 
contradiction to our assumption. 
Suppose 퓝풑풊 ퟏ is the mirror of 퓝풒풊 ퟏ, we infer that: 

푝 = 푞 ,푝 = 푞 , … ,푝 = 푞 , 

푝 = 푞 , … ,푝 = 푞 ,푝 = 푞 				(5) 

We can see that  푝  and 푞  are the centers of 퓝풑풊 ퟏ 
and 퓝풒풊 ퟏ, respectively. Since 퓝풑풊 	is the mirror of 퓝풒풊, 
then: 

푝 = 푞 ,푝 = 푞 , … ,푝 = 푞 ,	 

푝 = 푞 , … ,푝 = 푞 ,푝 = 푞 				(6) 

Putting (5) and (6) together, 퓝풒풊 has the following 
property. 



푞 = 	 푞

푞 =

푞 =

The above property can be re
푞 = 푞

푞 = 	

This property indicates that 
a repetition of its first two numbers  
the last number of 
first number 
푥푦푥푦푥푦…
represent the two repeated numbers.  Therefore, the vector 
퓝풒풊 is symmetric with respect to its
that 퓝풒풊 is a mirror of itself. Since 
퓝풒풊, hence
that 퓝풑풊 ≠
Therefore, 
belongs to our second c
that 푝
푃 ≠ 푄 .                                                                              

This property of a
pattern has never b
states that a 
property as well so that global minimization methods can 
be applied to establish correspondence.

3.2. Decoding 
While could be

method currently focuses
decoding process is to establish the correspondence 
between the two
states that every set of 
pattern appears only once. Based on that, we can use D
to establish the correspondence.
that the two captured images are under similar 
illumination. This can be easily achieved since a projector 
is used as an active illumination source.

Traditional spatial coding methods normally have two 
steps. The first is to detect edges from the captured images 
and the projected pattern. The second is to match the 
detected edges using edge gradients. Therefore, these 
methods only recov
are very sparse
in depth map recovery.
method is that it provides a dense set of correspondence.
We have discovered that although pixels belong to 
same color stripe have the same color in the pattern, their 
color can be different when the pattern is blurred and 
projected onto an object.
which is a cropped image from one of our experimental 
datasets. 

푞 ,푞

= 	 푞 ,푞 = 	

= 	 푞 ,푞

The above property can be re
= 푞

푞 = 푞

This property indicates that 
a repetition of its first two numbers  
the last number of 퓝풒풊, which is 
first number 푞 . That is, 

푥푦푥푦푥 and its length is 
represent the two repeated numbers.  Therefore, the vector 

is symmetric with respect to its
is a mirror of itself. Since 

hence 퓝풑풊 = 퓝풒풊, which
≠ 퓝풒풊. 

Therefore, 퓝풑풊 ퟏ cannot be the mirror of 
belongs to our second case, which has already been proved 

= 풘푻퓝풑풊 ퟏ
.                                                                              

This property of a Gaussian
pattern has never been studied to our best knowledge.
states that a GBDB pattern has the windowed uniqueness 
property as well so that global minimization methods can 
be applied to establish correspondence.

Decoding  
could be extended to multi
currently focuses

decoding process is to establish the correspondence 
the two captured images.

states that every set of 
pattern appears only once. Based on that, we can use D
to establish the correspondence.
that the two captured images are under similar 
illumination. This can be easily achieved since a projector 
is used as an active illumination source.

Traditional spatial coding methods normally have two 
steps. The first is to detect edges from the captured images 
and the projected pattern. The second is to match the 
detected edges using edge gradients. Therefore, these 
methods only recover matching pixels along edges, which 
are very sparse. As a result, these methods are rarely used 
in depth map recovery.
method is that it provides a dense set of correspondence.
We have discovered that although pixels belong to 
same color stripe have the same color in the pattern, their 

can be different when the pattern is blurred and 
projected onto an object.
which is a cropped image from one of our experimental 

We can see that 

= 	 푞 ,푞

	 푞 ,푞 = 	 푞

= 	 푞

The above property can be re-written as follows.
= ⋯ = 푞

= ⋯푞

This property indicates that 퓝풒풊 is a set of numbers that is 
a repetition of its first two numbers  푞

, which is 푞
. That is, 퓝풒풊

and its length is 2푚
represent the two repeated numbers.  Therefore, the vector 

is symmetric with respect to its center, which means 
is a mirror of itself. Since 퓝

, which contradicts

cannot be the mirror of 
ase, which has already been proved 
≠ 풘푻퓝풒풊 ퟏ =

.                                                                              
Gaussian blurred De Bruijn

een studied to our best knowledge.
pattern has the windowed uniqueness 

property as well so that global minimization methods can 
be applied to establish correspondence.

extended to multi
currently focuses on two-

decoding process is to establish the correspondence 
captured images. The 

states that every set of 푛 contiguous pixels in a GBDB 
pattern appears only once. Based on that, we can use D
to establish the correspondence. One assumption here is 
that the two captured images are under similar 
illumination. This can be easily achieved since a projector 
is used as an active illumination source.

Traditional spatial coding methods normally have two 
steps. The first is to detect edges from the captured images 
and the projected pattern. The second is to match the 
detected edges using edge gradients. Therefore, these 

er matching pixels along edges, which 
As a result, these methods are rarely used 

in depth map recovery. One major advantage of our 
method is that it provides a dense set of correspondence.
We have discovered that although pixels belong to 
same color stripe have the same color in the pattern, their 

can be different when the pattern is blurred and 
projected onto an object. This can be seen in Figure 3, 
which is a cropped image from one of our experimental 

We can see that surface points

= 	 푞

,푞 = 	 푞 , …

,푞 = 	 푞

written as follows. 
= 푞 = 푞

= 푞 = 푞

is a set of numbers that is 
 and 푞

, is the same as its 
 has the pattern 
+ 1, where 푥 and 

represent the two repeated numbers.  Therefore, the vector 
center, which means 
퓝풑풊 is the mirror of 

contradicts our assumption 

cannot be the mirror of 퓝풒풊 ퟏ. And this 
ase, which has already been proved 

= 푞 . Therefore, 
.                                                                              

blurred De Bruijn (GBDB)
een studied to our best knowledge.
pattern has the windowed uniqueness 

property as well so that global minimization methods can 
 

extended to multi-view stereo, o
-view stereo. 

decoding process is to establish the correspondence 
The above theorem

uous pixels in a GBDB 
pattern appears only once. Based on that, we can use D

One assumption here is 
that the two captured images are under similar 
illumination. This can be easily achieved since a projector 
is used as an active illumination source. 

Traditional spatial coding methods normally have two 
steps. The first is to detect edges from the captured images 
and the projected pattern. The second is to match the 
detected edges using edge gradients. Therefore, these 

er matching pixels along edges, which 
As a result, these methods are rarely used 

One major advantage of our 
method is that it provides a dense set of correspondence.
We have discovered that although pixels belong to 
same color stripe have the same color in the pattern, their 

can be different when the pattern is blurred and 
This can be seen in Figure 3, 

which is a cropped image from one of our experimental 
urface points that are 

4 

, … 

… 

 

푞  

 

is a set of numbers that is 
, and 

, is the same as its 
has the pattern 

and 푦 
represent the two repeated numbers.  Therefore, the vector 

center, which means 
is the mirror of 
our assumption 

. And this 
ase, which has already been proved 

. Therefore, 
.                                                                              ■ 

(GBDB) 
een studied to our best knowledge. It 
pattern has the windowed uniqueness 

property as well so that global minimization methods can 

view stereo, our 
view stereo. The 

decoding process is to establish the correspondence 
theorem 

uous pixels in a GBDB 
pattern appears only once. Based on that, we can use DP 

One assumption here is 
that the two captured images are under similar 
illumination. This can be easily achieved since a projector 

Traditional spatial coding methods normally have two 
steps. The first is to detect edges from the captured images 
and the projected pattern. The second is to match the 
detected edges using edge gradients. Therefore, these 

er matching pixels along edges, which 
As a result, these methods are rarely used 

One major advantage of our 
method is that it provides a dense set of correspondence. 
We have discovered that although pixels belong to the 
same color stripe have the same color in the pattern, their 

can be different when the pattern is blurred and 
This can be seen in Figure 3, 

which is a cropped image from one of our experimental 
that are 

illuminated by the same color stripe are likely to have 
different colors.
windowed uniqueness property of a 
can apply DP to establish correspondence for almost every 
illuminated pi

Before the decoding process, we assume that the 
captured images are rectified so that the correspondence 
can be established 
our method in order to find the matching and the process 
is similar to the one
instead of matching the gradien
method matches the 
each scan
windowed uniqueness property of a 
guarantees that a set of conti
scan
color stripe will be different in the captured images
scoring function used in our method is different from that 
of [25]

푠푐표푟푒
Here 
captured images along 
function measures the similarity between two
normalizes the 
magnitude of the 
correspondence

4. Experimental Results
We apply our method to several simulated datasets to 

demonstrate its correctness, and to provide quan
evaluation. Besides that, we apply our method to many 
real
demonstrate the robustness, and to provide qualitative 
evaluation.

4.1.
We download the Stanford Bunny model and use Maya 

to project the 
blurred pat
Then two virtual cameras are 
from different viewpoints. The captured images are shown 
in Figure 4(a). The blurred pattern used is the result of 
applying a Gaussian blur with kernel size
captured images, we can see that the edges of the color 

Figure 3: A sub

illuminated by the same color stripe are likely to have 
different colors. 
windowed uniqueness property of a 
can apply DP to establish correspondence for almost every 
illuminated pixel that is not occluded.

Before the decoding process, we assume that the 
captured images are rectified so that the correspondence 
can be established 
our method in order to find the matching and the process 
is similar to the one
instead of matching the gradien
method matches the 
each scanline. This is valid due to two reasons. First, 
windowed uniqueness property of a 
guarantees that a set of conti
scanline appears 
color stripe will be different in the captured images
scoring function used in our method is different from that 

[25] and is defined as follows.

푠푐표푟푒(퐼 , 퐼 ) =
Here 퐼 , 퐼  are the colors of two pixels from the two 
captured images along 
function measures the similarity between two
normalizes the 
magnitude of the 
correspondence can be found in

 Experimental Results
We apply our method to several simulated datasets to 

demonstrate its correctness, and to provide quan
evaluation. Besides that, we apply our method to many 
real-world datasets including static and dynamic scenes to 
demonstrate the robustness, and to provide qualitative 
evaluation. 

4.1. Simulated Experiments 
We download the Stanford Bunny model and use Maya 

to project the GBDB
blurred pattern is shown in Figure 1, whose order 
Then two virtual cameras are 
from different viewpoints. The captured images are shown 
in Figure 4(a). The blurred pattern used is the result of 
applying a Gaussian blur with kernel size
captured images, we can see that the edges of the color 

Figure 3: A sub-region of a captured image in 

illuminated by the same color stripe are likely to have 
 Combining this observation with the 

windowed uniqueness property of a 
can apply DP to establish correspondence for almost every 

xel that is not occluded.
Before the decoding process, we assume that the 

captured images are rectified so that the correspondence 
can be established one scanline at a time.
our method in order to find the matching and the process 
is similar to the one-pass DP described
instead of matching the gradien
method matches the color of every il

This is valid due to two reasons. First, 
windowed uniqueness property of a 
guarantees that a set of conti

 only once. Second, 
color stripe will be different in the captured images
scoring function used in our method is different from that 

and is defined as follows.

) = 1 −
∑ , ,

are the colors of two pixels from the two 
captured images along the same scan
function measures the similarity between two
normalizes the colors so that it is invariant to the 
magnitude of the colors. The pseudo

can be found in

Experimental Results 
We apply our method to several simulated datasets to 

demonstrate its correctness, and to provide quan
evaluation. Besides that, we apply our method to many 

world datasets including static and dynamic scenes to 
demonstrate the robustness, and to provide qualitative 

Simulated Experiments 
We download the Stanford Bunny model and use Maya 

GBDB pattern onto the bunny. The un
tern is shown in Figure 1, whose order 

Then two virtual cameras are 
from different viewpoints. The captured images are shown 
in Figure 4(a). The blurred pattern used is the result of 
applying a Gaussian blur with kernel size
captured images, we can see that the edges of the color 

region of a captured image in 

illuminated by the same color stripe are likely to have 
Combining this observation with the 

windowed uniqueness property of a GBDB
can apply DP to establish correspondence for almost every 

xel that is not occluded. 
Before the decoding process, we assume that the 

captured images are rectified so that the correspondence 
line at a time. DP is applied in 

our method in order to find the matching and the process 
described in [25]

instead of matching the gradient of the detected edges, our 
of every illuminated pixel along 

This is valid due to two reasons. First, 
windowed uniqueness property of a GBDB
guarantees that a set of contiguous pixels along each 

Second, the color within one 
color stripe will be different in the captured images
scoring function used in our method is different from that 

and is defined as follows. 
퐼 (푘) − 퐼 (푘)

255
3

are the colors of two pixels from the two 
the same scanline. 

function measures the similarity between two
so that it is invariant to the 
The pseudo-code for 

can be found in [6]. 

 
We apply our method to several simulated datasets to 

demonstrate its correctness, and to provide quan
evaluation. Besides that, we apply our method to many 

world datasets including static and dynamic scenes to 
demonstrate the robustness, and to provide qualitative 

Simulated Experiments  
We download the Stanford Bunny model and use Maya 

pattern onto the bunny. The un
tern is shown in Figure 1, whose order 

Then two virtual cameras are used to capture the scene 
from different viewpoints. The captured images are shown 
in Figure 4(a). The blurred pattern used is the result of 
applying a Gaussian blur with kernel size of 15*15. In the 
captured images, we can see that the edges of the color 

region of a captured image in our experiment.

illuminated by the same color stripe are likely to have 
Combining this observation with the 

GBDB pattern, we 
can apply DP to establish correspondence for almost every 

Before the decoding process, we assume that the 
captured images are rectified so that the correspondence 

DP is applied in 
our method in order to find the matching and the process 

[25]. However, 
t of the detected edges, our 

luminated pixel along 
This is valid due to two reasons. First, the 

GBDB pattern 
guous pixels along each 

the color within one 
color stripe will be different in the captured images. The 
scoring function used in our method is different from that 

( )

								(7) 
are the colors of two pixels from the two 

 The scoring 
function measures the similarity between two colors. It 

so that it is invariant to the 
code for establishing 

We apply our method to several simulated datasets to 
demonstrate its correctness, and to provide quantitative 
evaluation. Besides that, we apply our method to many 

world datasets including static and dynamic scenes to 
demonstrate the robustness, and to provide qualitative 

We download the Stanford Bunny model and use Maya 
pattern onto the bunny. The un-

tern is shown in Figure 1, whose order 표 = 3. 
to capture the scene 

from different viewpoints. The captured images are shown 
in Figure 4(a). The blurred pattern used is the result of 

of 15*15. In the 
captured images, we can see that the edges of the color 

our experiment. 



stripes in the pattern are blurred. The ground truth of the 
depth map from one viewpoint is shown in Figure 4(b) and 
is obtained using Maya. Figure 4(c) shows the result when 
applying our method. Most part of the result is correct 
except where occlusions are 
occluded parts cannot be recovered explicitly. Therefore, 
we apply a simple interpolation technique to fill in those 
holes due to the occlusion.

In order to evaluate our method quan
two measurement metrics.
1. Percentage:
to provide dense correspondence while using only one
shot. Suppose the number of pixels whose depth are 
recovered by our method is 
whose depth
푁, then the percentage is defined to be 
2. Normalized RMS
method is the accuracy. In order to measure that, we apply 
an error metric that is similar 
vision [23]
simulated ground truth, the 
denoted as 
for a certain pixel is denoted as 
normalized. Then the normalized RMS (root
squared) error is defined as follows

푁푅푀푆

Comparison with Temporal Co
Figure 4

method. And
To better understand th
experiment. This experiment is the same as the one shown 
in [22], which serves as an experiment to obtain the 
ground truth depth maps for 
a temporal coding technique and can be briefly described 
as follows. A 
scene and the codewords for each pixel from the captured 
images are obtained so that the correspondence can be 
established via codew
pixel is able to find its correspondence except if it is 
occluded. This experiment is employed in order to find the
percentage of the occluded pixels from the captured 

Figure 4: Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

stripes in the pattern are blurred. The ground truth of the 
depth map from one viewpoint is shown in Figure 4(b) and 
is obtained using Maya. Figure 4(c) shows the result when 

g our method. Most part of the result is correct 
except where occlusions are 
occluded parts cannot be recovered explicitly. Therefore, 
we apply a simple interpolation technique to fill in those 
holes due to the occlusion.

In order to evaluate our method quan
two measurement metrics.

Percentage: An important advantage of our method is 
to provide dense correspondence while using only one
shot. Suppose the number of pixels whose depth are 
recovered by our method is 
whose depth value are valid in simulated ground truth is 

, then the percentage is defined to be 
Normalized RMS (NRMS)

method is the accuracy. In order to measure that, we apply 
an error metric that is similar 

[23]. For every pixel whose 
simulated ground truth, the 
denoted as 푑 (푥,푦). The recovered depth by our method 
for a certain pixel is denoted as 
normalized. Then the normalized RMS (root

ed) error is defined as follows

푁푅푀푆 =
1
푁

( ,

Comparison with Temporal Co
4(c) shows the recovered depth map by our 

And the percentage is 
To better understand th
experiment. This experiment is the same as the one shown 

, which serves as an experiment to obtain the 
ground truth depth maps for 
a temporal coding technique and can be briefly described 
as follows. A set of 40 code patterns are projected onto the 
scene and the codewords for each pixel from the captured 
images are obtained so that the correspondence can be 
established via codewords. Applying this method, every 
pixel is able to find its correspondence except if it is 
occluded. This experiment is employed in order to find the
percentage of the occluded pixels from the captured 

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

(a). Captured images by using Maya

stripes in the pattern are blurred. The ground truth of the 
depth map from one viewpoint is shown in Figure 4(b) and 
is obtained using Maya. Figure 4(c) shows the result when 

g our method. Most part of the result is correct 
except where occlusions are presented
occluded parts cannot be recovered explicitly. Therefore, 
we apply a simple interpolation technique to fill in those 
holes due to the occlusion. 

In order to evaluate our method quan
two measurement metrics. 

An important advantage of our method is 
to provide dense correspondence while using only one
shot. Suppose the number of pixels whose depth are 
recovered by our method is 푀, and the number of pixels 

value are valid in simulated ground truth is 
, then the percentage is defined to be 

(NRMS): Another advantage of our 
method is the accuracy. In order to measure that, we apply 
an error metric that is similar to the one appli

. For every pixel whose disparity
simulated ground truth, the disparity 

. The recovered depth by our method 
for a certain pixel is denoted as 푑 (푥
normalized. Then the normalized RMS (root

ed) error is defined as follows. 

|푑 (푥,푦) −
, )

Comparison with Temporal Coding 
shows the recovered depth map by our 

the percentage is 96.39% 
To better understand the numbers, we simulate another 
experiment. This experiment is the same as the one shown 

, which serves as an experiment to obtain the 
ground truth depth maps for the datasets used in 
a temporal coding technique and can be briefly described 

code patterns are projected onto the 
scene and the codewords for each pixel from the captured 
images are obtained so that the correspondence can be 

ords. Applying this method, every 
pixel is able to find its correspondence except if it is 
occluded. This experiment is employed in order to find the
percentage of the occluded pixels from the captured 

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

ured images by using Maya

stripes in the pattern are blurred. The ground truth of the 
depth map from one viewpoint is shown in Figure 4(b) and 
is obtained using Maya. Figure 4(c) shows the result when 

g our method. Most part of the result is correct 
presented. As we know, the 

occluded parts cannot be recovered explicitly. Therefore, 
we apply a simple interpolation technique to fill in those 

In order to evaluate our method quantitatively, we use 

An important advantage of our method is 
to provide dense correspondence while using only one
shot. Suppose the number of pixels whose depth are 

, and the number of pixels 
value are valid in simulated ground truth is 

∗ 100%. 
Another advantage of our 

method is the accuracy. In order to measure that, we apply 
the one applied in stereo 

disparity is valid in 
 is normalized and 

. The recovered depth by our method 
푥,푦) which is also 

normalized. Then the normalized RMS (root-mean

) − 푑 (푥,푦)|  

 
shows the recovered depth map by our 

 with NRMS 0.011
, we simulate another 

experiment. This experiment is the same as the one shown 
, which serves as an experiment to obtain the 

the datasets used in [14]
a temporal coding technique and can be briefly described 

code patterns are projected onto the 
scene and the codewords for each pixel from the captured 
images are obtained so that the correspondence can be 

ords. Applying this method, every 
pixel is able to find its correspondence except if it is 
occluded. This experiment is employed in order to find the
percentage of the occluded pixels from the captured 

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

ured images by using Maya 

5 

stripes in the pattern are blurred. The ground truth of the 
depth map from one viewpoint is shown in Figure 4(b) and 
is obtained using Maya. Figure 4(c) shows the result when 

g our method. Most part of the result is correct 
. As we know, the 

occluded parts cannot be recovered explicitly. Therefore, 
we apply a simple interpolation technique to fill in those 

tatively, we use 

An important advantage of our method is 
to provide dense correspondence while using only one-
shot. Suppose the number of pixels whose depth are 

, and the number of pixels 
value are valid in simulated ground truth is 

Another advantage of our 
method is the accuracy. In order to measure that, we apply 

ed in stereo 
is valid in the 

is normalized and 
. The recovered depth by our method 

which is also 
mean-

shows the recovered depth map by our 
NRMS 0.011. 

, we simulate another 
experiment. This experiment is the same as the one shown 

, which serves as an experiment to obtain the 
[14]. It is 

a temporal coding technique and can be briefly described 
code patterns are projected onto the 

scene and the codewords for each pixel from the captured 
images are obtained so that the correspondence can be 

ords. Applying this method, every 
pixel is able to find its correspondence except if it is 
occluded. This experiment is employed in order to find the 
percentage of the occluded pixels from the captured 

images. 
98.11%. Therefore, only a small part (
occluded pixels is not recovered by our method.
NRMS for the temporal coding met
Comparing to this number, the accuracy of our method is 
close, and our method requires projecting
instead of 40 in the temporal coding method.
Robustness Test

We generate more datasets using Maya to demonstrate 
that our method is robust. To be more specific, we 
generate datasets by applying Gaussian blur to Figure 1 
with different ker
from 3*3 to 39*39. Besides, the width of each color stripe 
in Figure 1 is 7 pixels, and we generate more datasets with 
width of 8 pixels and 9 pixels. 
percentage and 

implement a traditional spatial coding method and its 
percentage and error 
kernel size is 0.
requires edge detection, we only apply it to the dataset 
when projecting a
shape or V
case 
kernel size increases. 
be inverted U
graph can be explained
DP. 
within one color stripe will be similar in the captured 
images
there exist ambigui

Figure 5: Left: percentage graph by our method with Gaussian 
kernels of different sizes.

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

(b). Simulated ground truth

images. The percentage of pixels that are not occluded
.11%. Therefore, only a small part (

occluded pixels is not recovered by our method.
NRMS for the temporal coding met
Comparing to this number, the accuracy of our method is 
close, and our method requires projecting
instead of 40 in the temporal coding method.
Robustness Test 

We generate more datasets using Maya to demonstrate 
that our method is robust. To be more specific, we 
generate datasets by applying Gaussian blur to Figure 1 
with different ker
from 3*3 to 39*39. Besides, the width of each color stripe 
in Figure 1 is 7 pixels, and we generate more datasets with 
width of 8 pixels and 9 pixels. 
percentage and N

implement a traditional spatial coding method and its 
percentage and error 
kernel size is 0. Since the traditional spatial coding method 
requires edge detection, we only apply it to the dataset 
when projecting a
shape or V-shape bar graph for the error graph, in which 
case the accuracy first improves and then degrades as the 
kernel size increases. 
be inverted U-shape or inverted V
graph can be explained
DP. When the size of Gaussian kernel is small, the 
within one color stripe will be similar in the captured 
images. Hence, the matching percentage is smaller and 
there exist ambigui

Figure 5: Left: percentage graph by our method with Gaussian 
kernels of different sizes.

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

(b). Simulated ground truth

he percentage of pixels that are not occluded
.11%. Therefore, only a small part (

occluded pixels is not recovered by our method.
NRMS for the temporal coding met
Comparing to this number, the accuracy of our method is 
close, and our method requires projecting
instead of 40 in the temporal coding method.
Robustness Test 

We generate more datasets using Maya to demonstrate 
that our method is robust. To be more specific, we 
generate datasets by applying Gaussian blur to Figure 1 
with different kernel size. The Gaussian kernel size varies 
from 3*3 to 39*39. Besides, the width of each color stripe 
in Figure 1 is 7 pixels, and we generate more datasets with 
width of 8 pixels and 9 pixels. 

NRMS and show them in 

implement a traditional spatial coding method and its 
percentage and error are shown 

Since the traditional spatial coding method 
requires edge detection, we only apply it to the dataset 
when projecting a non-blurred pattern.

shape bar graph for the error graph, in which 
the accuracy first improves and then degrades as the 

kernel size increases. The percentage graph is expected to 
shape or inverted V

graph can be explained by the nature of Gaussian blur and 
When the size of Gaussian kernel is small, the 

within one color stripe will be similar in the captured 
, the matching percentage is smaller and 

there exist ambiguities which cause larger error 

Figure 5: Left: percentage graph by our method with Gaussian 
kernels of different sizes. Right: Normalized RMS graph.

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

(b). Simulated ground truth 
 

he percentage of pixels that are not occluded
.11%. Therefore, only a small part (1.72%) of the un

occluded pixels is not recovered by our method.
NRMS for the temporal coding method is 0.009
Comparing to this number, the accuracy of our method is 
close, and our method requires projecting only
instead of 40 in the temporal coding method. 

We generate more datasets using Maya to demonstrate 
that our method is robust. To be more specific, we 
generate datasets by applying Gaussian blur to Figure 1 

nel size. The Gaussian kernel size varies 
from 3*3 to 39*39. Besides, the width of each color stripe 
in Figure 1 is 7 pixels, and we generate more datasets with 
width of 8 pixels and 9 pixels. We plot the graph of both 

RMS and show them in Figure 5. We 

implement a traditional spatial coding method and its 
shown at the point when

Since the traditional spatial coding method 
requires edge detection, we only apply it to the dataset 

blurred pattern. We expect a U
shape bar graph for the error graph, in which 

the accuracy first improves and then degrades as the 
he percentage graph is expected to 

shape or inverted V-shape. The s
by the nature of Gaussian blur and 

When the size of Gaussian kernel is small, the 
within one color stripe will be similar in the captured 

, the matching percentage is smaller and 
which cause larger error 

Figure 5: Left: percentage graph by our method with Gaussian 
Right: Normalized RMS graph.

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method.

(c). Result by our method

he percentage of pixels that are not occluded is 
%) of the un-

occluded pixels is not recovered by our method. The 
hod is 0.0092. 

Comparing to this number, the accuracy of our method is 
only one pattern 

 

We generate more datasets using Maya to demonstrate 
that our method is robust. To be more specific, we 
generate datasets by applying Gaussian blur to Figure 1 

nel size. The Gaussian kernel size varies 
from 3*3 to 39*39. Besides, the width of each color stripe 
in Figure 1 is 7 pixels, and we generate more datasets with 

We plot the graph of both 
Figure 5. We 

implement a traditional spatial coding method and its 
the point when the 

Since the traditional spatial coding method 
requires edge detection, we only apply it to the dataset 

We expect a U-
shape bar graph for the error graph, in which 

the accuracy first improves and then degrades as the 
he percentage graph is expected to 

shape. The shape of the 
by the nature of Gaussian blur and 

When the size of Gaussian kernel is small, the color 
within one color stripe will be similar in the captured 

, the matching percentage is smaller and 
which cause larger error when 

Figure 5: Left: percentage graph by our method with Gaussian 
Right: Normalized RMS graph. 

Result of simulated experiment. (a). Captured images from two different viewpoints by using virtual cameras in Maya. (b). 
Simulated ground truth of the depth map from one viewpoint by Maya. (c). Depth map recovered by applying our method. 

(c). Result by our method 



applying DP
size, the color
in the captured images
can be established and there are 
However, when the size of Gaussian kernel keeps 
increasing, more neighboring pixels are mixed
more pixels appear similar again.
kernel size is too big, the
decreases and the error increa
show that the density of the 
dramatically by applying our method when comparing to 
the traditional spatial coding method. The
the results is higher than that of applying traditional sp
coding method. We can see that the shapes of both graphs 
are similar to what
peaks when the kernel size is around 
where 표 is the order of the De Bruijn pattern and 
width of each color stripe
((표 − 1)푚
this set appears exactly once in the pattern. The 
experiment shows that the performance of our method is 
best when the Ga
of the original pattern.

4.2. Real-
Our method 

including static
robustness. In these experiments, the blurred pattern is not 
used anymore. Instead we apply a 
set the projector out of focus to achieve a similar effect of 
projecting 
pointed out by 
the display is uniformly blurred 
function), 
Therefore, when the projector is out
to projecting
projector may no
object, in 
methods would have trouble with detecting edges in the 
parts that are out of focus.
temporal coding methods when 
We show that even if the projector is out of focus, ou
method can provide dense 
results. Throughout all the experiments, two PointGrey 
Flea2 CCD cameras are used to capture images and a 
Telex P600 LCD projector is used t
resolution of all images is 1024*768. The projector allows 
users to change the focus 
purposely from level 1 to level 10 where level 1 is focused 
on the object and level 10 is severely out of focus. Figure 
6 shows two captured images with
projector at 1 and 5. When the traditional spatial coding 
methods are applied to datasets such as the one with blur 
level at 5, the edge detection proces

DP. When the kernel is increased to a certain 
color within one color stripe

in the captured images. 
can be established and there are 
However, when the size of Gaussian kernel keeps 
increasing, more neighboring pixels are mixed
more pixels appear similar again.
kernel size is too big, the

and the error increa
show that the density of the 
dramatically by applying our method when comparing to 
the traditional spatial coding method. The
the results is higher than that of applying traditional sp
coding method. We can see that the shapes of both graphs 

similar to what we expected. All the graphs reach their 
peaks when the kernel size is around 

is the order of the De Bruijn pattern and 
width of each color stripe

)푚 + 1) consecutive pixels includes 
this set appears exactly once in the pattern. The 
experiment shows that the performance of our method is 
best when the Gaussian kernel is mixing exactly

e original pattern. 

-world Experiments 
ur method is applied 

including static and dynamic scenes to demonstrate 
robustness. In these experiments, the blurred pattern is not 
used anymore. Instead we apply a 

he projector out of focus to achieve a similar effect of 
 a Gaussian blurred pattern.

pointed out by [4] that when the projector is ou
the display is uniformly blurred 

 which can be
Therefore, when the projector is out

ing a Gaussian blurred pattern.
projector may not be able to focus on every part of the 

in which case the traditional spatial coding 
methods would have trouble with detecting edges in the 
parts that are out of focus.
temporal coding methods when 
We show that even if the projector is out of focus, ou
method can provide dense 
results. Throughout all the experiments, two PointGrey 
Flea2 CCD cameras are used to capture images and a 
Telex P600 LCD projector is used t
resolution of all images is 1024*768. The projector allows 
users to change the focus 
purposely from level 1 to level 10 where level 1 is focused 
on the object and level 10 is severely out of focus. Figure 
6 shows two captured images with
projector at 1 and 5. When the traditional spatial coding 

re applied to datasets such as the one with blur 
level at 5, the edge detection proces

hen the kernel is increased to a certain 
within one color stripe 

 Therefore, more correspondence 
can be established and there are 
However, when the size of Gaussian kernel keeps 
increasing, more neighboring pixels are mixed
more pixels appear similar again. Therefore, when the 
kernel size is too big, the number of

and the error increases. Through this figure, we 
show that the density of the recovered depth
dramatically by applying our method when comparing to 
the traditional spatial coding method. The
the results is higher than that of applying traditional sp
coding method. We can see that the shapes of both graphs 

we expected. All the graphs reach their 
peaks when the kernel size is around 

is the order of the De Bruijn pattern and 
width of each color stripe. In the original pattern, a set of 

consecutive pixels includes 
this set appears exactly once in the pattern. The 
experiment shows that the performance of our method is 

ussian kernel is mixing exactly

world Experiments  
is applied to many real
and dynamic scenes to demonstrate 

robustness. In these experiments, the blurred pattern is not 
used anymore. Instead we apply a simpler

he projector out of focus to achieve a similar effect of 
blurred pattern. 

that when the projector is ou
the display is uniformly blurred by a

which can be modeled as
Therefore, when the projector is out-of

a Gaussian blurred pattern.
t be able to focus on every part of the 

case the traditional spatial coding 
methods would have trouble with detecting edges in the 
parts that are out of focus. It can also cause problem to 
temporal coding methods when identifying
We show that even if the projector is out of focus, ou
method can provide dense correspondence
results. Throughout all the experiments, two PointGrey 
Flea2 CCD cameras are used to capture images and a 
Telex P600 LCD projector is used to project patterns. The 
resolution of all images is 1024*768. The projector allows 
users to change the focus to different levels. We
purposely from level 1 to level 10 where level 1 is focused 
on the object and level 10 is severely out of focus. Figure 
6 shows two captured images with the 
projector at 1 and 5. When the traditional spatial coding 

re applied to datasets such as the one with blur 
level at 5, the edge detection process could fail and result 

hen the kernel is increased to a certain 
 varies significantly

Therefore, more correspondence 
can be established and there are fewer ambiguities.
However, when the size of Gaussian kernel keeps 
increasing, more neighboring pixels are mixed and hence 

Therefore, when the 
number of matching pixels

Through this figure, we 
recovered depth increases 

dramatically by applying our method when comparing to 
the traditional spatial coding method. The best accuracy of 
the results is higher than that of applying traditional sp
coding method. We can see that the shapes of both graphs 

we expected. All the graphs reach their 
peaks when the kernel size is around ((표 − 1)푚

is the order of the De Bruijn pattern and 푚
. In the original pattern, a set of 

consecutive pixels includes 표 colors and 
this set appears exactly once in the pattern. The 
experiment shows that the performance of our method is 

ussian kernel is mixing exactly 표 colors 

to many real-world datasets 
and dynamic scenes to demonstrate 

robustness. In these experiments, the blurred pattern is not 
simpler idea which is to 

he projector out of focus to achieve a similar effect of 
 Indeed, it has been 

that when the projector is out-of-focus, 
by a PSF (point-spread 

modeled as a 2D Gaussian.
of-focus, it is similar 

a Gaussian blurred pattern. In the real world, 
t be able to focus on every part of the 

case the traditional spatial coding 
methods would have trouble with detecting edges in the 

It can also cause problem to 
identifying the codew

We show that even if the projector is out of focus, ou
correspondence and accurate 

results. Throughout all the experiments, two PointGrey 
Flea2 CCD cameras are used to capture images and a 

o project patterns. The 
resolution of all images is 1024*768. The projector allows 

different levels. We adjust it 
purposely from level 1 to level 10 where level 1 is focused 
on the object and level 10 is severely out of focus. Figure 

 blurred level of the 
projector at 1 and 5. When the traditional spatial coding 

re applied to datasets such as the one with blur 
s could fail and result 

6 

hen the kernel is increased to a certain 
varies significantly 

Therefore, more correspondence 
ambiguities. 

However, when the size of Gaussian kernel keeps 
and hence 

Therefore, when the 
pixels 

Through this figure, we 
increases 

dramatically by applying our method when comparing to 
accuracy of 

the results is higher than that of applying traditional spatial 
coding method. We can see that the shapes of both graphs 

we expected. All the graphs reach their 
+ 1), 
푚 the 

. In the original pattern, a set of 
colors and 

this set appears exactly once in the pattern. The 
experiment shows that the performance of our method is 

colors 

world datasets 
and dynamic scenes to demonstrate its 

robustness. In these experiments, the blurred pattern is not 
idea which is to 

he projector out of focus to achieve a similar effect of 
it has been 

focus, 
spread 

2D Gaussian. 
focus, it is similar 
In the real world, 

t be able to focus on every part of the 
case the traditional spatial coding 

methods would have trouble with detecting edges in the 
It can also cause problem to 

the codewords.  
We show that even if the projector is out of focus, our 

and accurate 
results. Throughout all the experiments, two PointGrey 
Flea2 CCD cameras are used to capture images and a 

o project patterns. The 
resolution of all images is 1024*768. The projector allows 

adjust it 
purposely from level 1 to level 10 where level 1 is focused 
on the object and level 10 is severely out of focus. Figure 

blurred level of the 
projector at 1 and 5. When the traditional spatial coding 

re applied to datasets such as the one with blur 
s could fail and result 

in low
Static 

scenes: Bunny, 
experiments, the number
recovered
increases. 
spatial coding method
projector is set focused on the object
number for the traditional coding method is less than 10% 
of the number by applying our method
most traditional coding method
correspondence

Besides the density comparison, Figure 

accuracy comparison 
and
3D printer to print out the Stanford Bunny model, and 
printed out object is placed in front of
patterns are projected onto the object
the result by using the temporal coding method proposed 
in [22]
method cannot produce exactly the same result as applying 
the 

Dynamic Scenes.
temporal information
as well. The dynamic scenes in our experiments are 
and 
applied to dynamic scenes, comparison cannot be 
provided.
recovered depth maps

Figure 
the 
images with different facial expression

Figure 6: Captured images with projector under different blur 
level. Left: blur level = 1. Right: blur level = 

Figure 7: 
temporal coding method. See text for more details.

in low accuracy. 
Static Scenes.

scenes: Bunny, Lid
experiments, the number
recovered grows
increases. Besides applying our method, a traditional 
spatial coding method
projector is set focused on the object
number for the traditional coding method is less than 10% 
of the number by applying our method
most traditional coding method
correspondence along the edges of captured images.

Besides the density comparison, Figure 

accuracy comparison 
and our method. The input is the Bunny dataset.
3D printer to print out the Stanford Bunny model, and 
printed out object is placed in front of
patterns are projected onto the object
the result by using the temporal coding method proposed 

[22]. Our result is shown in Figure 
method cannot produce exactly the same result as applying 
the temporal method, it is 

Dynamic Scenes.
temporal information
as well. The dynamic scenes in our experiments are 
and Face. Since temporal coding methods cannot be 
applied to dynamic scenes, comparison cannot be 
provided. In these datasets, we mainly
recovered depth maps

Figure 8 shows the results of applying our method to 
the Face dataset. The top row shows 
images with different facial expression

Figure 6: Captured images with projector under different blur 
level. Left: blur level = 1. Right: blur level = 

Figure 7: Accuracy comparison between our method and a 
temporal coding method. See text for more details.

(a) 

 
cenes. Our method is applied to three static 

Lid and Toy. Similar to the simulated 
experiments, the number of 

s and then decreases
Besides applying our method, a traditional 

spatial coding method [25] is also applied only when 
projector is set focused on the object
number for the traditional coding method is less than 10% 
of the number by applying our method
most traditional coding method

along the edges of captured images.
Besides the density comparison, Figure 

accuracy comparison between a temporal coding method 
The input is the Bunny dataset.

3D printer to print out the Stanford Bunny model, and 
printed out object is placed in front of
patterns are projected onto the object
the result by using the temporal coding method proposed 

. Our result is shown in Figure 
method cannot produce exactly the same result as applying 

temporal method, it is very comparable
Dynamic Scenes. Since our method requir

temporal information, it can be applied to dynamic scenes 
as well. The dynamic scenes in our experiments are 

Since temporal coding methods cannot be 
applied to dynamic scenes, comparison cannot be 

In these datasets, we mainly
recovered depth maps for qualitatively visual

shows the results of applying our method to 
ace dataset. The top row shows 

images with different facial expression

Figure 6: Captured images with projector under different blur 
level. Left: blur level = 1. Right: blur level = 

Accuracy comparison between our method and a 
temporal coding method. See text for more details.

Our method is applied to three static 
. Similar to the simulated 

of pixels whose depth 
decreases as the b

Besides applying our method, a traditional 
also applied only when 

projector is set focused on the object. However, the 
number for the traditional coding method is less than 10% 
of the number by applying our method. The reason is that 
most traditional coding methods only establish

along the edges of captured images.
Besides the density comparison, Figure 

between a temporal coding method 
The input is the Bunny dataset.

3D printer to print out the Stanford Bunny model, and 
printed out object is placed in front of the 
patterns are projected onto the object. Figure 
the result by using the temporal coding method proposed 

. Our result is shown in Figure 7(b). Although our 
method cannot produce exactly the same result as applying 

very comparable. 
Since our method requir

, it can be applied to dynamic scenes 
as well. The dynamic scenes in our experiments are 

Since temporal coding methods cannot be 
applied to dynamic scenes, comparison cannot be 

In these datasets, we mainly 
qualitatively visual evaluation

shows the results of applying our method to 
ace dataset. The top row shows two

images with different facial expressions. We only show 

Figure 6: Captured images with projector under different blur 
level. Left: blur level = 1. Right: blur level = 5. 

Accuracy comparison between our method and a 
temporal coding method. See text for more details. 

(b)

Our method is applied to three static 
. Similar to the simulated 

pixels whose depth is 
as the blur level 

Besides applying our method, a traditional 
also applied only when the 

However, the 
number for the traditional coding method is less than 10% 

The reason is that 
s only establish 

along the edges of captured images. 
Besides the density comparison, Figure 7 shows the 

between a temporal coding method 
The input is the Bunny dataset. We use a 

3D printer to print out the Stanford Bunny model, and the 
 cameras and 

Figure 7(a) shows 
the result by using the temporal coding method proposed 

(b). Although our 
method cannot produce exactly the same result as applying 

Since our method requires no 
, it can be applied to dynamic scenes 

as well. The dynamic scenes in our experiments are Fist 
Since temporal coding methods cannot be 

applied to dynamic scenes, comparison cannot be 
 provide the 

evaluation. 
shows the results of applying our method to 

two continuous 
. We only show 

Figure 6: Captured images with projector under different blur 

Accuracy comparison between our method and a 
 

(b) 



images from
human hair or
8(b) shows the recovered depth maps.
measure the accuracy quantatively, we can see that they 
are visually pleasant.

5. Discussion
First we compare our met

and spatial coding methods. Comparing to the temporal 
coding methods, ours 
still maintain
which has been demonstrated in
Comparing to the spatial coding methods, ours can 
produce dense depth maps, while the former only recover 
depth along edges.

Secondly, we justify the usage of a De Bruijn pattern. A 
De Bruijn pattern is used because of its windowed 
uniqueness property so that global minimization can be 
applied. In this experiment, we generate a pattern which is 
not a De Bruijn pattern, and then redo the simulated 
experiment. The pattern is generated by repeating a set of 
eight color stripes, and the 
yellow, magenta, cyan, white}. The pattern is then blurred 
by applying Gaussian blur. The applied pattern is shown in 
Figure 9. We show that the result of applying this pattern 

is worse than that of applying a De Bruijn pat
The computed depth map is shown 

ground truth is the one shown in Figure 4(b). We can see 
that the result is not even correct anymore. Therefore, 
taking advantage of windowed uniquess property

Figure 8: Applying our method to a dynamic scene.

from one viewpoint 
human hair or are not illuminated are masked out.

(b) shows the recovered depth maps.
measure the accuracy quantatively, we can see that they 
are visually pleasant. 

Discussion 
First we compare our met

and spatial coding methods. Comparing to the temporal 
coding methods, ours is not limited
still maintains similar accuracy
which has been demonstrated in
Comparing to the spatial coding methods, ours can 

dense depth maps, while the former only recover 
depth along edges. 

Secondly, we justify the usage of a De Bruijn pattern. A 
De Bruijn pattern is used because of its windowed 
uniqueness property so that global minimization can be 
applied. In this experiment, we generate a pattern which is 
not a De Bruijn pattern, and then redo the simulated 
experiment. The pattern is generated by repeating a set of 
eight color stripes, and the 
yellow, magenta, cyan, white}. The pattern is then blurred 
by applying Gaussian blur. The applied pattern is shown in 

. We show that the result of applying this pattern 

is worse than that of applying a De Bruijn pat
The computed depth map is shown 

ground truth is the one shown in Figure 4(b). We can see 
that the result is not even correct anymore. Therefore, 
taking advantage of windowed uniquess property

Applying our method to a dynamic scene.

(a). Masked images from one viewpoint

(b). Corresponding depth maps

Figure 9: Blurred repeated pattern

one viewpoint and the regions
not illuminated are masked out.

(b) shows the recovered depth maps. Although we cannot 
measure the accuracy quantatively, we can see that they 

First we compare our method to traditional temporal 
and spatial coding methods. Comparing to the temporal 

is not limited to static scenes, and 
similar accuracy as a temporal method

which has been demonstrated in simulated experiments. 
Comparing to the spatial coding methods, ours can 

dense depth maps, while the former only recover 

Secondly, we justify the usage of a De Bruijn pattern. A 
De Bruijn pattern is used because of its windowed 
uniqueness property so that global minimization can be 
applied. In this experiment, we generate a pattern which is 
not a De Bruijn pattern, and then redo the simulated 
experiment. The pattern is generated by repeating a set of 
eight color stripes, and the set is {black, red, green, blue, 
yellow, magenta, cyan, white}. The pattern is then blurred 
by applying Gaussian blur. The applied pattern is shown in 

. We show that the result of applying this pattern 

is worse than that of applying a De Bruijn pat
The computed depth map is shown in Figure 1

ground truth is the one shown in Figure 4(b). We can see 
that the result is not even correct anymore. Therefore, 
taking advantage of windowed uniquess property

Applying our method to a dynamic scene.

(a). Masked images from one viewpoint

(b). Corresponding depth maps

Blurred repeated pattern

and the regions that includ
not illuminated are masked out. Figure 

Although we cannot 
measure the accuracy quantatively, we can see that they 

hod to traditional temporal 
and spatial coding methods. Comparing to the temporal 

to static scenes, and 
as a temporal method
simulated experiments. 

Comparing to the spatial coding methods, ours can 
dense depth maps, while the former only recover 

Secondly, we justify the usage of a De Bruijn pattern. A 
De Bruijn pattern is used because of its windowed 
uniqueness property so that global minimization can be 
applied. In this experiment, we generate a pattern which is 
not a De Bruijn pattern, and then redo the simulated 
experiment. The pattern is generated by repeating a set of 

set is {black, red, green, blue, 
yellow, magenta, cyan, white}. The pattern is then blurred 
by applying Gaussian blur. The applied pattern is shown in 

. We show that the result of applying this pattern 

is worse than that of applying a De Bruijn pattern. 
in Figure 10, and the 

ground truth is the one shown in Figure 4(b). We can see 
that the result is not even correct anymore. Therefore, 
taking advantage of windowed uniquess property is crucial 

Applying our method to a dynamic scene. 

(a). Masked images from one viewpoint 

(b). Corresponding depth maps 

Blurred repeated pattern 

7 

include 
Figure 

Although we cannot 
measure the accuracy quantatively, we can see that they 

hod to traditional temporal 
and spatial coding methods. Comparing to the temporal 

to static scenes, and 
as a temporal method 
simulated experiments. 

Comparing to the spatial coding methods, ours can 
dense depth maps, while the former only recover 

Secondly, we justify the usage of a De Bruijn pattern. A 
De Bruijn pattern is used because of its windowed 
uniqueness property so that global minimization can be 
applied. In this experiment, we generate a pattern which is 
not a De Bruijn pattern, and then redo the simulated 
experiment. The pattern is generated by repeating a set of 

set is {black, red, green, blue, 
yellow, magenta, cyan, white}. The pattern is then blurred 
by applying Gaussian blur. The applied pattern is shown in 

. We show that the result of applying this pattern 

, and the 
ground truth is the one shown in Figure 4(b). We can see 
that the result is not even correct anymore. Therefore, 

is crucial 

to our method
Another major contribution is

blurred pattern and there are four reasons. First, we made 
an important observation that a 
maintains the windowed uniqueness property
proved in Section 3.1,
established correspondence. Seco
pattern, the 
fully used to provide much denser 
comparing to the traditional spatial coding methods. It has 
been illustrated in both simulated and real
experiments. Third,
usually require
image. This step may not be robust enough due to the 
image processing techniques that are applied. However, 
our method 
increases the robustness. Last but not least, since 
project
region is very limited. Therefore, the patterns can be 
blurred when projected onto the scene if the depth range of 
the scene is big. In this case, 
traditional spatial coding method would fail. However, our 
method can still establish correspondence since it works 
with blurred pattern.

We design one final experiment to 
with other methods. The traditional spatial coding methods 
are edge
the pattern can be blurred or non
are four possible combinations. We apply these four 
combinations to simulated data
blurred pattern and a Gaussian blurred pattern with kernel 
size
and the percentage and NRMS are used as measurement 
metrics. 
table we can see
provides better results constantly. Moreover,
combination of intensity
provides
 

Edge

Intensity

Figure 10: 
pattern shown in Figure 

our method. 
Another major contribution is

blurred pattern and there are four reasons. First, we made 
an important observation that a 
maintains the windowed uniqueness property
proved in Section 3.1,
established correspondence. Seco
pattern, the color
fully used to provide much denser 
comparing to the traditional spatial coding methods. It has 
been illustrated in both simulated and real
experiments. Third,
usually require the
image. This step may not be robust enough due to the 
image processing techniques that are applied. However, 
our method does not require
increases the robustness. Last but not least, since 
projectors normally have large aperture
region is very limited. Therefore, the patterns can be 
blurred when projected onto the scene if the depth range of 
the scene is big. In this case, 
traditional spatial coding method would fail. However, our 
method can still establish correspondence since it works 
with blurred pattern.

We design one final experiment to 
ith other methods. The traditional spatial coding methods 

are edge-based while ours is intensity
the pattern can be blurred or non
are four possible combinations. We apply these four 
combinations to simulated data
blurred pattern and a Gaussian blurred pattern with kernel 
size of 7*7 are used.
and the percentage and NRMS are used as measurement 
metrics. Table 1 shows the evaluation results.
table we can see
provides better results constantly. Moreover,
combination of intensity
provides the best result.

Edge-based 

Intensity-based 

Table 1: Evaluation of four possible methods.

Figure 10: Computed depth map by applying our method with the 
pattern shown in Figure 

Another major contribution is
blurred pattern and there are four reasons. First, we made 
an important observation that a 
maintains the windowed uniqueness property
proved in Section 3.1, so that DP can be applied to 
established correspondence. Seco

color information of the illuminated pixels
fully used to provide much denser 
comparing to the traditional spatial coding methods. It has 
been illustrated in both simulated and real
experiments. Third, traditional spatial coding method

the detection of edges in the captured 
image. This step may not be robust enough due to the 
image processing techniques that are applied. However, 

does not require edge detection
reases the robustness. Last but not least, since 

s normally have large aperture
region is very limited. Therefore, the patterns can be 
blurred when projected onto the scene if the depth range of 
the scene is big. In this case, 
traditional spatial coding method would fail. However, our 
method can still establish correspondence since it works 
with blurred pattern. 

We design one final experiment to 
ith other methods. The traditional spatial coding methods 

based while ours is intensity
the pattern can be blurred or non
are four possible combinations. We apply these four 
combinations to simulated data
blurred pattern and a Gaussian blurred pattern with kernel 

used. Quantitative evaluation is provided 
and the percentage and NRMS are used as measurement 

Table 1 shows the evaluation results.
table we can see that using intensity
provides better results constantly. Moreover,
combination of intensity-based with blurred pattern 

best result. 
Blurred pattern

11.34% 
0.03207 
95.01% 
0.01069 

Table 1: Evaluation of four possible methods.

Computed depth map by applying our method with the 
pattern shown in Figure 9. 

Another major contribution is that of using a
blurred pattern and there are four reasons. First, we made 
an important observation that a GBDB 
maintains the windowed uniqueness property

so that DP can be applied to 
established correspondence. Second, with the 

of the illuminated pixels
fully used to provide much denser correspondence
comparing to the traditional spatial coding methods. It has 
been illustrated in both simulated and real

traditional spatial coding method
detection of edges in the captured 

image. This step may not be robust enough due to the 
image processing techniques that are applied. However, 

edge detection
reases the robustness. Last but not least, since 

s normally have large apertures, thus the in
region is very limited. Therefore, the patterns can be 
blurred when projected onto the scene if the depth range of 
the scene is big. In this case, the edge detection in the 
traditional spatial coding method would fail. However, our 
method can still establish correspondence since it works 

We design one final experiment to compare our method 
ith other methods. The traditional spatial coding methods 

based while ours is intensity-based. Moreover, 
the pattern can be blurred or non-blurred. Therefore, there 
are four possible combinations. We apply these four 
combinations to simulated datasets. In particular, a non
blurred pattern and a Gaussian blurred pattern with kernel 

tative evaluation is provided 
and the percentage and NRMS are used as measurement 

Table 1 shows the evaluation results.
that using intensity-based methods 

provides better results constantly. Moreover,
based with blurred pattern 

Blurred pattern Non-blurred pattern

13.44%
0.02822
76.00%
0.01702

Table 1: Evaluation of four possible methods.

Computed depth map by applying our method with the 

using a Gaussian 
blurred pattern and there are four reasons. First, we made 

 pattern also 
maintains the windowed uniqueness property, which is 

so that DP can be applied to 
nd, with the GBDB 

of the illuminated pixels is 
correspondence 

comparing to the traditional spatial coding methods. It has 
been illustrated in both simulated and real-world 

traditional spatial coding methods 
detection of edges in the captured 

image. This step may not be robust enough due to the 
image processing techniques that are applied. However, 

edge detection, and hence 
reases the robustness. Last but not least, since 

, thus the in-focus 
region is very limited. Therefore, the patterns can be 
blurred when projected onto the scene if the depth range of 

the edge detection in the 
traditional spatial coding method would fail. However, our 
method can still establish correspondence since it works 

compare our method 
ith other methods. The traditional spatial coding methods 

based. Moreover, 
blurred. Therefore, there 

are four possible combinations. We apply these four 
sets. In particular, a non-

blurred pattern and a Gaussian blurred pattern with kernel 
tative evaluation is provided 

and the percentage and NRMS are used as measurement 
Table 1 shows the evaluation results. From the 

based methods 
provides better results constantly. Moreover, the 

based with blurred pattern 

blurred pattern 

13.44% 
0.02822 
76.00% 
0.01702 

Table 1: Evaluation of four possible methods. 

Computed depth map by applying our method with the 
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6. Conclusion and Future Work 
We have presented a depth recovery method which 

requires only one shot and yet provides accurate depth 
map whose density is much higher than traditional spatial 
coding methods. Moreover, the projector needs not be 
focused on the objects, which is more realistic in real 
world applications. 

To our best knowledge, the proposed method is the first 
one that requires absolutely no temporal information, and 
yet provides dense recovery that are close to applying 
temporal coding methods. We believe that with a proper 
design of the color pattern and the configuration of the 
cameras, this method could be used to recover the ground 
truth of the depth of a scene, which achieves the same 
accuracy of temporal coding methods [22]. The limitation 
of [22] is that it uses a series of patterns and therefore 
cannot be applied to dynamic scenes. However, our 
method has no such limitation. 

An interesting future direction is to investigate on the 
blurred De Bruijn pattern. We believe that it could be 
useful in some other areas if they are properly applied. 
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