
REGULAR PAPER

Accurate depth sensing by filtering IR cost on the guide of RGB
information

Xuanwu Yin1 • Guijin Wang1 • Chenbo Shi1 • Qingmin Liao1,2

Received: 12 September 2014 / Accepted: 13 March 2015 / Published online: 21 April 2015

� The Optical Society of Japan 2015

Abstract In this paper, we propose a depth-sensing

method that combines the raw IR speckle pattern and RGB

information. IR and RGB data are acquired from the same

viewpoint. Matching costs between the realtime speckle

pattern and the reference are computed with the IR data.

Different from conventional methods, the RGB information

is utilized to filter thematching costs. The depth at each pixel

is then estimated by choosing the best match with the filtered

costs. The proposed system can make use of the RGB in-

formation to achieve more accurate depth maps than the

state-of-the-art, speckle-based depth-sensing methods.

Keywords Depth sensing � Three-dimensional image

acquisition � Structured light � Multiple sensor information

fusion

1 Introduction

Measuring the three-dimensional structure of a scene or an

object using stereophotogrammetric methods attracted

more and more attention over last decades. The 3D infor-

mation can be used in scene modeling [1, 2], human-

computer interaction [3], movie making [4, 5] and so on.

The most basic technique is two-view stereo vision [6–8],

which searches the correspondences between two views and

estimated the depth by triangulation. However it is not al-

ways easy to find these correspondences in natural scene

images because of textureless regions, repeated patterns etc.

To find the correspondences robustly, researchers have de-

veloped many active methods to encode the scene. Among

them, random speckle pattern [9–13] has attracted more and

more attentiveness by researches these years. Schaffer et al.

[9] projected a sequence of speckle pattern onto the the ob-

ject, and computed depth by temporal correlation on this

pattern sequence. Other researchers have tried to do depth

sensing with spatial correlation technique on a pair input

image [10–13]. However, because of the loss of structure

information in the IR image, there are always unreliable

values, especially on the object boundaries.

RGB-D (RGB-Depth) data processing has attracted a lot

of attention in recent years. Henry et al. [1] and Stuckler

et al. [2] modeled the scene with multiple RGB-D pairs

captured by ready-made RGB-D sensor (Kinect). Instead of

fusing multiple depth inputs, Diebel et al. [14] tried to get a

single better depth map by upsampling the depth map with a

high-spatial resolution RGB image. In their method, the

input is a single RGB-D pair, and the final depth map is

achieved by globally optimizing a multi-layer MRF (Mar-

kov Random Field).

The focus of this work is similar with Diebel’s except

that the inputs of our method are a raw IR speckle pattern

and an associated RGB image. To be clear, we process

RGB-Raw data rather than RGB-D data. The motivation

that we process RGB-Raw data is that the raw data retains

the original information of the IR speckle pattern [12, 13],

which makes it possible to recover more accurate depth

with the assistance of RGB data.

In this work, a device that can acquire IR data and RGB

data synchronously from the same viewpoint is set up.

Based on this device, we propose a depth computation

algorithm that makes use of both IR data and RGB data,

rather than utilizing the RGB data only in post processing.
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The RGB information is applied to filter the original

matching cost, rather than the calculated depth value [14].

The introduction of RGB information makes the depth

values more accurate, and more coincident with the actual

scene, especially on the edges, as the experiments show.

This paper will cover the following material: the struc-

ture of the data acquisition device and the overview of the

depth-sensing algorithm are presented in Sect. 2; the im-

plementation details are described in Sect. 3; the error and

resolution analysis is presented in Sect. 4, along with some

real scene results; a brief conclusion and discussion about

future work are mentioned at last.

2 Device setup and algorithm framework

Our data acquisition system is made up of one IR pattern

projector, one infrared digital camera, one visual light RGB

camera, and one light splitter, Fig. 1. The Microsoft Kinect

is taken as the IR projector, which projects random speckle

pattern onto the scene. Aligned with the projector in Y and

Z direction, the infrared camera captures the realtime

speckle pattern reflected by the scene. We use a cold mirror

as the light splitter. The cold mirror is put between the IR

camera and the RGB camera, allows the infrared light pass

through to the IR camera, and reflects the visual light to the

RGB camera. As there is no depth information available

when the RGB data is used, the RGB camera is guaranteed

to be aligned with the IR camera physically to avoid any

disparities between them.

By this setup, the depth can be computed by estimating

the translation of the realtime speckle pattern relative to the

reference pattern. The computation consists of four steps:

cost volume constructing, cost slices filtering, disparity

assignment, and depth transformation, presented in Fig. 2.

In the first three steps, our purpose is to assign each pixel i

with coordinates ðx; yÞ in the image I to a disparity from

D ¼ fd1; d2; . . .; dNg, with N candidate disparities in total.

At last, the disparity value is transformed to depth value

according to the geometry of the device.

3 Implementation

3.1 Cost volume construction

The cost volume C is a three dimensional array, in

which each element at ðx; y; dnÞ represents the cost of

choosing disparity dn for pixel ðx; yÞ, Fig. 3. We construct

the cost volume with a realtime IR image, and a fixed

reference IR pattern. The reference pattern is pre-captured

by putting the device’s optical axis perpendicular to a flat
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plane, such as a wall, at a certain distance. As the realtime

pattern and reference pattern are captured separately, there

are significant differences in brightness and contrast be-

tween them. To handle these differences, the ZNCC (zero-

mean normalized cross correlation) method is adopted to

compute the costs, which is defined as

Ri;dn ¼
P

ðx;yÞ2Wi
Tðx; yÞ � T 0ðxþ dn; yÞ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
ðx;yÞ2Wi

T2ðx; yÞ �
P

ðx;yÞ2Wi
T 02ðxþ dn; yÞ2

q ;

ð1Þ

where Tðx; yÞ ¼ Iðx; yÞ � Iðx; yÞ is the difference between

the intensity value and the local averaging in the realtime

pattern, T 0ðx; yÞ has the similar meaning in the reference

pattern, and Wi is the window around pixel i. Note that

�1�Ri;dn � 1. The two points match perfectly only if

Ri;dn ¼ 1, large values generally indicate that they closely

corresponds to each other. We define the cost with ZNCC

as

Ci;dn ¼ 1� Ri;dn : ð2Þ

3.2 Slice filtering

After computing the costs for all pixels at all disparities,

the volume C now has N slices. The n�th 2-d slice of the

volume stores the costs for all pixels at disparity dn. We are

going to filter each slice with the RGB information. The

filtering output at disparity dn of pixel i is a weighted av-

erage of the pixels in the same slice:

C0
i;dn

¼
X

j

wi;jðIgÞCj;dn ; ð3Þ

C0 is the filtered cost volume and i and j are pixel indexes.

The filter weights wi;j is derived from the RGB guidance

image Ig. We use the guided filter’s [15] weights here,

which is defined as

wi;j ¼
1

jW j2
X

k:ði;jÞ2Wk

ð1þ ðIgi � lkÞTðRk þ �UÞ�1ðIgj � lkÞÞ;

ð4Þ

where Wk is a square window centered at pixel k, and jW j
the number of pixels in it. I

g
i , I

g
j and lk are 3� 1 color

vectors, lk is the mean vector in Wk, and the covariance

matrix Rk and identity matrix U are of size 3� 3. � is a

smoothness parameter. By this filtering weight definition, if

two pixels lie on different sides of the edge, the elements of

Rk will be large. Thus the weight will be small. Otherwise if

they lie on the same side, the weight will be large. Which

means that pixels on the same side influence each other

more than those on different sides. This property guarantees

that pixels with similar colors have similar depth values,

and can reduce the smoothing effects on the depth edges.

3.3 Disparity assignment and transformation

Once we obtain the filtered cost volume C0, the disparity at

pixel i is chosen by

di ¼ argmin
d

C0
i;d: ð5Þ

After assigning disparity to all the pixels, we use linear

interpolation [13] to obtain sub-pixel disparity. Then the

sub-pixel disparity dsub is converted to depth value by tri-

angular geometry,

Z ¼ s

dsub þ s=Z0
; ð6Þ

where s is a constant determined by the imaging system,

and Z0 is the depth of the reference plane I0.

4 Experimental evaluation

4.1 Error analysis

The resolution of depth estimation depends on the random

error of the disparity estimates. According to (6), the

variance of Z can be calculated as
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Fig. 5 Depth results compared

with state-of-the-art methods,

insets are the local details.

a RGB Scene. b Proposed.

c Naive NCC. d Kinect.

e IGMP. f MRF upsampling
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r2Z ¼ ðoZ
od

Þ2r2d: ð7Þ

where r2d is the variance of the estimated disparity dsub.

Plug (6) into (7), finally we can get

rZ ¼ Z2

s
rd; ð8Þ

which means that the random error of depth is proportional

to the random error of disparity, and the square of the

depth.

We test the error by computing the depth of planes at

different distances. The result is presented in Fig. 4. In our

proposed system, rd is assumed to be 0.2 pixel. The actual

error coincides with the theoretical one, and the depth

resolution is about 10mm at 2m.

4.2 Scene test

We have tested the system on some different scenes, Fig. 5.

The first is one hand about 57 cm away. The second is an

indoor scene about 2.5 m away. To show the effectiveness

of introducing RGB data, We compare our method with

some state-of-the-art methods, including naive NCC

method, Kinect, IGMP (Iterative Grid Message Passing)

method proposed in [13] and MRF Upsampling proposed

in [14].

The difficulty of computing depth from raw speckle

pattern only lies in the sparsity and deformation of the

pattern. Thus naive NCC matching produces many errors in

the depth map, especially on the boundaries. Kinect and

IGMP optimize the depth map based on the initial match-

ing and perform better than NCC. However, the sparsity of

speckle pattern ensures that the depth edges do not coincide

with the objects’ boundaries.

The MRF Upsampling method processes the depth map

directly by utilizing RGB information. Although the depth

edges seem to coincide with the boundaries better, the

depth map is actually blurred, as presented in Fig. 5. Be-

sides, this method needs to globally optimize a multi-layer

MRF, thus is restricted by the limited storage space and

computing speed.

Different from MRF Upsampling, the proposed method

filters the cost volume instead of the depth map, thus can

produce sharp depth edges that coincide with the bound-

aries. This makes it possible to segment objects more ac-

curately, and brings large benefits to many depth based

applications, such as object labeling, scene understanding

and human-computer interaction. And this filtering

approach avoids optimization, thus is more efficient than

MRF Upsampling.

5 Conclusion and future work

We built a hybrid, depth-sensing system with an IR camera

and an RGB camera, which can take both structured IR

pattern and natural RGB information into account. Rather

accurate depth maps can be obtained by the proposed de-

vice, especially on the boundaries. In our device, the dis-

tinction of one pixel is guaranteed by the randomness of the

pattern. However in the aspect of information theory,

random pattern is not the best. In the future, we will work

on designing better pattern to make each pixel distinguish

from others, in the sense of encoding. And actually, it is

possible to extract much more information than RGB value

from the color image, we will investigate to provide better

inputs for the guided filter, instead of the currently used

RGB value.
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