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Abstract

Time-of-Flight (ToF) cameras gain depth information by gimg amplitude-modulated near-infrared light and meisgur

the phase shift between the emitted and the reflected sigrtad. phase shift is proportional to the object’s distance
modulo the wavelength of the modulation frequency. Thisiltesn a distance ambiguity. Distances larger than the
wavelength aravrappedinto the sensor’s non-ambiguity range and cause spuriaiantie measurements. We apply
Phase Unwrappindo reconstruct these wrapped measurements. Our approdcsésl on a probabilistic graphical
model using loopy belief propagation to detect and inferpthgtion of wrapped measurements. In experiments, we show
that wrapped measurements are identified and correctedmadjdo reconstruct the structure of the scene.

1 Introduction jected back into the correct interval. Phase unwrapping is a
fundamental problem in image processing [2]. It has been
Time-of-Flight (ToF) cameras attracted attention in thesuccessfully applied in magnetic resonance imaging [3]
field of robotics and automation in the last decade. Theynd interferometric synthetic aperture radar (SAR) [4].
are compact, solid-state sensors, which provide depth and
reflectance images at high frame rates. The main disadva
tage of today’s ToF cameras is their complex error model
which makes them difficult to handle. They employ an
array of light emitting diodes (LEDs) that illuminate the
environment with modulated near-infrared light. The re-
flected light is received by a CCD/CMOS chip for every
pixel in parallel. Depth information is gained by measuring
the phase shift between the emitted and the reflected light,
which is proportional to the object’s distance modulo theFigure 1. Unwrapping the input depth image (left). The
wavelength of the modulation frequency. This results in arbrightness of the pixels encode the measured distance
ambiguity in distance measurements. Distances larger thgudark pixels are near, bright pixels far away). The abrupt
the wavelength\ of the sensor’s modulation frequency are change from bright to dark in the input image is the phase
wrappedinto the non-ambiguity rang@, A\) and resultin  jump that we want to detect in order to correct the mea-
artifacts and spurious distance measurements. This effestired distances and to obtain the unwrapped depth image
is one of the fundamental characteristics of ToF cameragright).
A common way to handle these distance ambiguities is to
neglect measurements based on the ratio of measured diBae goal of phase unwrapping is to infer a number of rela-
tance and amplitude, since the amplitude of the reflectetive phase jumpsgor phase shifts) from the wrapped signal.
signal decreases with the square of the distance to an oB-phase jump is defined between two adjacent pixels in
ject (see for example [1]). The limitation of this method x- and y-direction of the image. Since the phase unwrap-
is that information is lost due to neglecting measurementing problem in general is ill-posed, most algorithms make
Another limitation is that wrapped measurements are onha priori assumptions to reduce the number of admissible
detected by the ratio of distance and amplitude, not takinghase jumps. One common assumption is that neighboring
into account the gradient surface of neighboring measureneasurements are more likely closer together than farther
ments, which results in wrong classifications for distantapart. With this assumption, the phase jump that brings
objects with high infrared reflectivity. the neighboring distance measurements as close together
Inferring a correctunwrappedsignal from a wrapped sig- as possible is chosen.
nal is known a$hase UnwrappingseeFigurel). Thatis, In this paper, we apply phase unwrapping to the data from
depth measurements being erroneously projected into thee SwissRanger SR4000 ToF camera. A probabilistic ap-
non-ambiguity range of the sensor are identified and proproach based on [5] to represent the probabilities of the rel
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ative phase jumps is used. The approach relies on discontespecially when mapping larger environments where mea-
nuities in the depth image to infer relative phase jumps. Weured distances exceed the wavelength of the modulation
also applied the idea of theero curl constrainfrom [5]to  frequency, obtaining an unwrapped depth image becomes
assure consistency of the phase jumps in two-dimensionatucial [1].

images.

The remainder of this paper is organized as follows: The

next section outlines related work based on ToF camerasi8 Phase Unwr appi ng

the field of robotics. Section 3 describes the probabilistic

approach to phase unwrapping. Section 4 presents resulfs infer phase jumps between adjacent pixels, we use a
showing that the approach enables to correct ambiguougraphical model which represents possible locations ef rel
distance measurements such that the structure of the scea/e phase jumps in x- and y-direction (S&gure2). The
can be reconstructed. image pixels are connected to their neighbors by so-called
jump nodes These jump nodes represent the probability
of a phase jump between two neighboring pixels. To as-
2 Related Work sure consistency of phase jumps in a local neighborhood,
we apply the idea of zero-curl constraints [5]. Four jump
One of the first applications in robotics considering ToFngdes are connected bycarl nodethat enforces local
cameras as an alternative to laser scanning has been pggmsistency of the individual jump configurations. Inter-
sented in 2004 by Weingarte al.who evaluated the util-  action between jump and curl nodes is achieved by passing
ity of ToF cameras in terms of basic obstacle avoidancenessages across the graph that represent a node’s belief.
and local path-planning capabilities [6]. In 2005, Sk¢h after convergence of the message passing, the detected
al. used a ToF camera for human-assisted 3D mapping iﬁhase jumps are integrated into the depth image by car-
the context of the RoboCup Rescue league [7]. Ogtred. ging out the respective projections, thereby correctivey t

used a ToF camera for estimating a robot's trajectory andrroneously wrapped distance measurements. The follow-
reconstructing the surface of the environment in 2006 [8]ing subsections describe the above steps in detail.

Recently, Mayet al. presented and evaluated different ap-

proaches for registering multiple range images of ToF cam-

eras in the context of fully autonomous 3D mapping [1].

All the aforementioned approaches have shown that ToF

cameras require for specifically taking care of their com-

plex error model. The different systematic and non-
systematic errors cause, amongst other effects [9]: syl

7Jump Nodes

> Curl Nodes

(i) Measurement noiseData from the ToF camera is
subject to noise, especially at larger distances and
poorly reflecting objects.

(i) Jump edgesToF cameras measure a smooth transi-
tion, where the transition between one shape to the
other is disconnected due to occlusions [1].

Figure2: The graphical model representing possible loca-
(iii) Distance ambiguity: Measurements larger than the 1O"S of phase jumps. The image pixels (bla& are con-
used wavelength amsrappedinto the sensor’s non- nected to their neighbors by jump nodes (white filled cir-

ambiguity range and cause artifacts and spurious disg:lesg' Fo:JrJumE_ nrc])de? are corr]mected byla curl no_de (black
tance measurements. illed circles) which enforces the zero curl constraint.

The general noise, especially the systematic errors, are

usually handled by calibration, as shown by Fuchs and 1 Jump Nodes

Hirzinger [10], and Lindneet al.[11]. Correcting noisy

measurements by means of the relation between distandemp nodes represent the probability that a phase jump oc-
and intensity information, and using so-callsbading curs between the two neighboring pixels. A phase jump
constraints has been presented by Bohmieal. in [12].  in z-direction, i.e., between pixels;, y) and(z + 1,y),

For detecting jump edges, sufficient results can be achievad denoted as, (x, y). Jumps in y-direction, i.e., between
by examining, for every measurement, the opposing anglgixels(z, y) and(x,y + 1), are denoted as, (x, y).

of the triangle spanned by the camera’s focal point, thé\ phase jump can occur either in positive direction (-1), in
point itself and its local pixel neighborhood [1]. Distance negative direction (+1) or not at all (0). Considering the
ambiguities, however, have (to the best of our knowledge$hifts, positive direction at pixék;, y) thereby means that
not yet been addressed for ToF cameras. there is a phase jump between pixglsy) and(z + 1, y).
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Negative means that the phase jump occurs between pix-
els(x + 1,y) and(x,y). The direction of a phase jump

is important for the correction of distance measurements
as it decides which and how measurements need to be
corrected. The possible jump directions (-1,0, and 1) are
calledjump configurations

Sy (2, Y) Fsy(z +1,)
Jump nodes are represented by a 3-element vector storing
the probabilities for every jump configuration. The initial
probabilities for a jump,. (x, y) at pixel(z, y) for config-
urationi € {—1,0, 1} and given the wrapped depth image
 are calculated by

SO SN

P (sqpyy(z,y) =i | ®) o fa(z,y,i), (1) Figure 3: A curl node assures local consistency of the
phase shifts by summing up the shift configurations of the
jump nodes around it (red dashed arrow), taking into ac-
count the direction of the jumps (blue arrows). A zero-curl
constraint is violated when a jump is not matched by an-
The basic assumption behind the discontinuity tekms  other jump in the opposite direction.
that neighboring measurements are more likely closer to
each other than farther apart. This term increases the prob-
ability P (s(,,y(z,y) =i | @), when the phase jump for 33 M essage Passing
configuration: brings the respective depth measurements
closer together than the other configurations. Here, we follnference of phase jumps is done by applying belief prop-
low the formulation of [5]: agation (sum-product algorithm) in the graphical model.
Messages, representing a node’s belief of a configuration,
oy are passed bi-directionally through the graph on the ver-
Fal,y,i) = 6_(d’(”“'““l’y)_d’(”“"y)_l_)Q/Q"Z, for s, tices between jump and curl nodes in a forward-backward-
7 e~ (@@ yt)=d(@y)=)7/20" = for s, up-down type schedule.
Messages are represented by 3-element vectors, where the
] ) ] ~elements are the probabilities for a specific configuration.
whereo? is the variance in the depth values between n6|ghReferring toFigure 4, messages from the jump nodes to

boring pixels in the wrapped image, an@r, y) isthe mea-  he curl nodes are calculated by incoming messages from
sured, wrapped phase for pixel, ) (scaled into the inter-  ne curl nodes.

val [0, 1) for simplicity but without loss of generality).

wheref, is a term incorporating the discontinuity of depth
measurements.

Messages from curl nodes to jump nodEry(re 4.a) are
calculated by incoming messages from jump nodes.

3.2 Curl Nodes O ’ ’

2
Four jump nodes are connected by a curl node which 1 Ha /121 1
enforces the zero-curl constraint [5]. A curl node as- O_> O () C)
sures local consistency of the phase jumps, by summing m
up the shift configurations of the jump nodes around it. Mzt L MT
For example, the sum of the 4-pixel loop aroundy) is
Se(zyy)+sy(x+1,y) — su(z,y +1) — sy(z, y) (seeFig- O ‘ ‘
ure 3). A zero-curl constraint is violated when a jump is
not matched by another jump in the opposite direction, i.e., (@) (b) ©

when the sum around a pixel loop# 0. Therefore, the

set of phase jumps for an image must satisfy the constraiftigure 4: (a) Messages from curl nodes to jump nodes
(red arrow) are computed by incoming messages originat-

ing from jump nodes in the last iteration (blue arrows). (b)
se(2,y) +5y(x+1,y) = sa(x,y+1) —sy(2,9) = 0. 3)  Messages from jump nodes to curl nodes (red arrow) are
computed by incoming messages from curl nodes (blue
If all zero-curl constraints are satisfied, consistencyheft &TOW). (€) Messages from curl nodes to jump nodes are

inferred phase jumps in the complete image can be a§_ombin_ed to approximate the marginal probability of a
sumed. phase jump.
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For example, the outgoing message(for every configu-
ration:) depends on the incoming messagesyu» ands
(for the configurationg, & andi):

1 1 1

pai= > > S(k+1—i—jppmkpa (4)

j=—1lk=—11=—1
with

5(z) = , x=0 .
0, otherwise.

The outgoing message, for configrationi (Figure 4.b)
is calculated from the incoming messagg from the curl
node by

p2i = paifa (v,y,4) . (5)
The marginal probabilities for the phase jumpsigf
ure4.c) are approximated by

1

P(so(w,y) =i | @) = (papa)/ Y (mjpay).  (6)

i=—1

The resulting jump configurations are shown Hig-
ures5.a and5.b. After convergence or when a fixed num-
ber of iterations is exceeded, the phase jumps are inte-
grated. The resulting image provides the exaend y-
coordinates of the locations where phase jumps occur in
the wrapped input depth image. The phase jump locations
for the example depth image imageHrigure 1 are shown

in Figure5.c.

4 Experiments

The following experiments demonstrate the results of the
approach. The experiments have been carried out in an in-
door environment (c.fFigure 6.a). The employed ToF
camera is a SR4000 from Mesa Imaging [13], operated
with 30 MHz modulation frequency, which results in a
non-ambiguity range o5 m. The wrapped depth image

of the first experiment is shown figure 6.b. The wrap-
ping effect can also be observed in the resulting 3D point
clouds inFigures7.aand7.c. Objects beyond ~ 5m are

The message vectors are normalized in every iteration. TH#rapped into the non-ambiguity range and result in spuri-
belief propagation converges when all zero-curl constsain US art'fQCtS; _ _
are satisfied. Propagating the beliefs results in congisterd he application of the described phase unwrapping method

and correct phase jump locations alangndy-directions.

(©

results in the unwrapped distance imageFigure 6.c.
Compared to the wrapped distance image, objects beyond
5m do not result in close distance measurements. How-
ever, a remaining distortion in the unwrapped depth image
can be seen at the upper bound of the non-ambiguity range,
which is mainly due to the camera’s internal filter, which
smoothens the wrapped depth image.

Figure 7 shows the 3D point clouds that have been gener-
ated based on the wrapped and unwrapped depth images.
The results show that the structure of the room with dis-
tances larger than 5 meters was reconstructed successfully
A second experiment is shown figure 8. Also here, the
depth image could be unwrapped successful with the de-
scribed approach, resulting in a reconstructed structiire o
of the room.

5 Conclusion and Future Work

We have presented a probabilistic approach for phase un-
wrapping specifically designed for handling ambiguities in
ToF camera data. By means of a graphical model with
loopy belief propagation, the approach takes into account
discontinuities in the measured distances to obtain ateura
estimates of the locations where phase jumps have taken
place.

The results show that the approach enables to correct am-
biguous distance measurements such that the structure of

Figure 5: The resulting phase jump configurations afterthe scene can be reconstructed correctly from wrapped
belief propagation has converged in x-direction (a) andlepth images. This is an important result for the use of
y-direction (b). The color of the pixels indicate the in- TOF cameras in the field of robotics, since current cam-
ferred jump configurations: -1 (blue), O (green) and 1 (red)era models, such as the SR4000 from Mesa, have a non-

(c) The combined phase jumps.

321

ambiguity range that is shorter than the maximum mea-



(b) (c)

Figure 6: (a) An image of the scene. (b) Wrapped depth image from thechmiera. A pixel’s grey-scale value cor-
responds to the measured depth, from dark (close) to bright (The dark parts of the image indicate that distance
measurements larger than 5 meters are wrapped. (c) The ppedaepth image.

@ (b) (© (d)

Figure7: (a + c) The wrapped point clouds from two different perspesti (b + d) The unwrapped point clouds. The
color of the points indicate the result of the algorithm. Yyad measurements are colored red.

surable distance of commonly used laser range scanneesnt surface of the neighboring measurements, which poses
Simply sorting out the wrapped measurements based acm problem, for example, when all measurements in the
the ratio of distance and amplitude does not work reliablyfield-of-view are wrapped.

in natural scenes, e.g., when highly reflective objects ar@ possible extension to overcome this limitation could be,
sensed. to acquire measurements of the same scene with multiple
Especially in the context of 3D mapping, the ambiguitymodulation frequencies, since measurements with differ-
of the phase-shift based distance measurements hinderédt modulation frequencies result in different wrappings.
from using ToF cameras for modeling larger environmentglowever, simply filtering based on different wrappings
where measured distances exceed the wavelength of theould, on its own only work in the absence of noise and
sensor’s modulation frequency [1]. Correctly unwrappingiS expected to be not appropriate for reliably identifying
acquired depth images enables to model larger envirorPhase jumps. It remains a matter of future work to inte-
ments. However, it remains a matter of future work to ac-grate multiple modulation frequencies with the currently

tually apply probabilistic phase unwrapping for mapping aused distance continuities into the probabilistic graphic
larger environment. model and the propagation of beliefs.

A limitation of the presented method is that even in the ab-

sence of noise, in situations where the actual phase jump

between two adjacent pixels is larger than the modulationACknOW|Edgment

wavelength, a decision based on the discontinuities in the

measured distances cannot be made. Another limitation iBhis work has been supported partially by grant BE
that phase jumps can only be detected based on the gra@556/2-2 of German Research Foundation (DFG).

322



(b) (©

(d) @)

® @)

Figure 8: (a) An image of the scene. (b) Wrapped depth image from thecéofrera. (c) The unwrapped depth image.
(d + f) The wrapped point clouds. (e + g) The unwrapped pomids.
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