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Singular Value Decomposition Filter: an Effective Method to Enhance the
SwissRanger SR-3000’s Range Images

GuruPrasad M. HEGDE and Cang YE

Abstract — This paper presents the research results on the
enhancement of the SwissRanger SR-3000’s range images by a Singular
Value Decomposition (SVD) filtering method. The image enhancement is
performed by converting a conventional range image into an enhanced
range image where each pixel’s intensity embodies the surface normal
and depth information of the corresponding pixel in the original image.
This range image representation makes an object’s edges distinctive. But
it corrupts the object’s surfaces due to the noise in the range data. We
propose a filtering method based on the SVD to alleviate the surface
corruption and preserve the edges. The efficacy of the proposed method is
validated by numerous experiments in various environments.

Index Terms—Singular Value Decomposition filter, normal-enhanced
range image, flash LADAR.

|. INTRODUCTION

Range image segmentation is an important research
problem in range data processing. For autonomous navigation,
a set of properly segmented range data makes it possible for a
mobile robot to detect obstacles and ground level; and even
recognize objects. In many of the existing projects, Laser
Detection and Ranging (LADAR) [1] and stereovision
systems [2] are used to collect 3D range data of the
environments. A LADAR system, also called Laser
Rangefinder (LRF), profiles its environment by using a
rotating mirror to scan a laser beam. Such a mechanism results
in a low range data throughput. A LADAR-based 3D mapping
system is good for map-building with a stationary platform. If
a mobile platform is used, a highly accurate Inertial
Measurement Unit (IMU) is required to register each laser
scan into a 3D map. Such a system may be prohibitively
costly and therefore unsuitable for many mobile robotic
applications. In addition, A LADAR system is bulky and thus
cannot be used in a small-sized mobile platform. A
stereovision system determines depth values using disparity
images. It needs to match a pixel in one camera to that in
another camera, and triangulates its depth information. This
operating principle limits its use in feature-rich environments.
Also, a stereovision system is sensitive to illumination and has
low range resolution and accuracy for a distant object.

Recently a new-class of 3D ranging sensors have been
developed by several groups [3], [4]. These devices are
commonly referred to as “Flash LADAR” [5], [6], [7]. They
illuminate the entire scene by a modulated light source. Each
cell of the imaging sensor can determine the time-of-flight of
the modulated signal and thus the depth information of the
detected object. These devices do not require a scanning
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mechanism and can provide dense data points at a high frame
rate. Therefore, they are ideal for 3D map-building on a
moving platform. This paper investigates the use of a Flash
LADAR—the SwissRanger SR-3000 [8]—for mobile robot
navigation. Figure 1(a) depicts the miniature SR-3000 sensor.
A detailed description of the sensor will be given in Section
Il. We plan to use this sensor for 3D mapping and
autonomous navigation. Figure 1(b) is a snapshot taken from
our experiment to calibrate the sensor using the LRF’s data.
As an active vision sensor, the SR-3000 has an apparent
advantage over a stereovision system: it works very well in
featureless environment. Figure 2 demonstrates that SR-3000
outperforms a stereovision system in a normal indoor
environment. Figure 2(a) is a video image from the
stereovision system’s left camera and Fig. 2(b) is the grey-

3-D Camera

54j0 55/0 S5el0 s57)0

e sdasaeacsdadas

0

(a) The SR-3000 sensor (b) SR-3000 on the robot

Fig.1 SR-3000 and LRF mounted on the Pioneer P3-DX robot: SR-3000 is
much smaller in size.

encoded range data. We can observe that range data of those
areas without distinctive features, such as the wall and human
subject, are missing. Figure 2(d) illustrates that SR-3000
obtains all range data for all objects in its field of view (i.e.,
no missing data). Capturing all range data of the environment
is an essential capability for an imaging sensor for robotic
navigation.

As the sensing technology is in its early stage, the data of
the current SR-3000 sensor has relatively large range
measurement errors (much bigger than that of a LADAR [9])
and the errors increase with range values. Both the sensor’s
random noise (e.g., thermal noise and photon short noise) and
the environmental factors (e.g., surface reflectivity) can
produce range errors. The large range errors may cause
problems in range data processing. Kim et al. [22] remove
SR-3000’s random noise by Gaussian and median filtering,
and model the systematic bias as a function of rigid
misalignment, ray directional misalignment and distance error
along ray. They first compute the intrinsics and extrinsics of
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(a) Actual scene (b) Range image of Stereovision

(c) Intensity image of SR300

(d) Range image of SR3000

Fig. 2 Stereovision vs SR-3000: Large amount of range data are missing in
the stereovision’s range image while there is no missing data in that of SR-
3000.

SR-3000 and a video camera by using a checkerboard and the
MATLAB calibration toolbox. The 3-D data points captured
by the video camera with the checkerboard at different
positions are used as ground truth data to calibrate SR-3000.
The calibration is performed by computing the rigid
transformation that minimizes the misalignment of the SR-
3000 data points with the ground truth data, the directional
compensation, and the correction of distance along ray. In
spite of a significant improvement of accuracy reported in the
paper, the calibration method is only valid for a fixed set of
recording conditions. In addition, the calibration is performed
pixel by pixel which might not be suitable for real-time
implementation.

In the literature, surface normal has been used to enhance
a range image (in particular the edges) and thus facilitate
range image segmentation [17], [18]. However, the normal-
based approach is very sensitive to noise in range data and
may corrupt the object surfaces while enhancing the edges. It
then becomes necessary to study the effect of the range noise
on the Normal-Enhanced Range Image (NERI) and to develop
a method to alleviate the ill effect.

In this work, we propose a filtering method based on the
Singular Value Decomposition (SVD) to reduce the surface
corruption but preserve the edge information. In our study the
level of surface corruption is qualitatively evaluated by
observing the NERI and its edge image. The rest of this paper
is organized as follows: In Section Il we briefly describe the
SR-3000 range sensor. In Section 111 we explain the principle
of the SVD filtering method in noise reduction. In Section IV
and V we describe the problem with the NERI and introduce
our solution. Section VI presents experimental results and the
paper is concluded in section VII.

I1. SwissRanger SR-3000

The state-of-the-art range camera SR-3000 [8], [10] is
developed and manufactured by MESA Imaging. It is a
CMOS sensor and consists of 176 x 144 Focal Plane Array
(FPA) sensors/pixels. The FPA enables capturing a 3D scene
with a spatial resolution of 176 x 144 pixels at video frame
rates. The FPA is also referred to as image plane, since it can
be represented as a digital image. The camera has a physical
dimension of 50 mm x 48 mm x 65 mm and a field of view of
47.5 x 39.6 degrees. It uses 55 infrared LED (wavelength: 850
nm) for illumination. The light source is amplitude modulated.
The camera can be operated in four modes with different
modulation frequency (19MHz, 20MHz, 21MHz and 30
MHz) which also determines the non-ambiguity range. In our
case a modulation frequency of 20MHz is used and the non-
ambiguity range is 7.5 meters. The sensor’s current
technology restricts its use within indoor environments.

A. Operating Principle:

The SR-3000 performs range measurement by indirect
Time-Of-Fight (TOF). Fig. 3 illustrates the TOF measurement
taking place in a single FPA pixel. The emitted amplitude
modulated light is reflected by the object surface and received
by the sensor. The received signal at each pixel is then
demodulated to reconstruct the incoming signal. The phase
shift between the emitted and reconstructed signals is
measured. The distance between the object’s surface and the
sensor can be determined by the phase shift. Each range
measurement of the sensor is translated from spherical
coordinate to Cartesian coordinate and converted to a 3-D data
point (with X, Y and Z coordinate values). This results in a set
of 176x144 data points for each captured frame. The camera
uses the offset between the emitted and received signals to
determine the intensity information. Hence it delivers both
intensity and range images for each captured frame.
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Fig. 3 TOF measurement in a FPA pixel

The sensor’s error in range measurement is affected by
various environmental factors such as surface reflectivity and
target distance in addition to the intrinsic factors such as noise
of the CMOS sensor and driving electronics. The details on
the effect of these factors can be found in [12]. The intent of
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this paper is not to correct the sensor’s measurement error, but
address the possibility of reducing the effect of the error on
range data processing.

I11. SVD Filter for Image Reconstruction and Noise Reduction

A. Image Reconstruction

SVD and Eigen vector analysis are classical tools used in
digital image processing [13]. An M xN image can be denoted
by matrix A= [a,;] for i=1, ..., M andj=1, ..., N. The SVD of
matrix A takes the following form:

R
A=USV" =>usv,, (1)
i=1

where the orthogonal matrices U and V consists of the left and
right singular vectors u; and v;, i.e., U=(uy __ uy) and V=(vy,
2. vy). U and V are of order MxM and NxN, respectively. S is
a MxN matrix where the diagonal elements s; are the
nonnegative singular values of A and all off-diagonal
elements are zero. s; are arranged in a nonincreasing order, i.
€., §;25,>... sg=20, in matrix S. If the rank of A is R<min(M,
N), then 5>0 for i=1, ..., R and s;=0 for i=R+1, ..., N. The
SVD of A indicates that an image can be restored as the

weighted sum of a set of base images E; = uiviT fori=1, ...,

R. Each base image is also called an Eigen image because the
singular value is the square root of the corresponding Eigen

values of ATA [14]. The singular value s; represents the
contribution of the i base image to the reconstruction of
image A. The decreasing order of s; in matrix S implies that
the i base image’s contribution decreases as i approaches R.
Although a large number of Eigen images are required for an
accurate reconstruction of an image, a smaller number of
Eigen images are generally sufficient to represent the image.
This property is exploited in image compression and coding
techniques. Below is an illustration explaining an image
reconstruction process. Fig. 4(a) is the snapshot of the scene
for the case study that consists of a cardboard. The intensity
image of the scene is obtained by the SR-3000 camera. For an
illustration purpose, the SVD is performed over this image.
Since the SR-3000 camera has spatial resolution of 176x144
pixels, the SVD process results in 144 base images. Figure
4(b)-4(g) shows six reconstructions, each of which has a
different Number of Base Images (NBI) and file size (in
Kilobyte) of the resultant image. Apparently, Fig. 4(g) is the
SR-3000’s raw intensity image since it contains all of the 144
base images. From the illustration we can see that image
reconstruction is not possible with too fewer base images due
to excessive loss of image information. However, using too
many base images may result in an unnecessarily large file
size but does not improve image quality a lot. A close
examination of Fig. 4(d) and Fig. 4(e) reveals that the NBI
increment actually adds noise into the image. This suggests
that a high quality image (less noisy and with a smaller file
size) can be obtained by using a suitable NBI.

(a) Actual scene

(c) NBI=15, Size=14.6KB

(b) NBI=3, Size=11.4KB

(f) NBI=120, Size=18.2 KB (9) NBI=144 Size =18.4KB

Fig. 4 Image reconstruction using different NBI: the image with NBI=45 is
satisfactory in term of the noise level and file size.

B. SVD Filtering

The SVD technique is also used to filter noise for a given
set of data or image. A noise-free image A has a lower rank e,
¢ <min (M, N) [15]. The SVD in Eq. (1) produces the
following singular values in a nonincreasing order:
812825320, 23S 1= = Spmaryy=0. A NOISy image can be
described by matrix B=A+E, where E is a noise perturbation
matrix. Matrix B has a full rank R=min(M, N) [15]. This
means that the last R-e base images are additive noise. By
eliminating the singular values s.., ..., sz, we may remove the
noise but preserve the image details.

Figure 5 pictorially describes different components of a
noisy image from a singular value perspective. As mentioned
above, there exist a certain number of singular values that
signify image components and the remaining singular values
represent noise.
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Fig. 5 Pictorial representation of image reconstruction

This can be qualitatively demonstrated by the example in
Fig. 6 where the Sobel edge detector is used to identify the
edges—the most distinctive features—of the image. Figure
6(a) is the snapshot of the scene. The intensity image of the
scene (Fig. 6(b)) is obtained from the SR-3000. The
reconstructed intensity images with the first ten singular
values and the last forty singular values are shown in Fig. 6(b)
and Fig. 6(d), respectively. The corresponding edge images,
obtained by the Sobel edge detector, are depicted in Fig. 6(c)
and Fig. 6(e). It can be seen that Fig. 6(d) mostly represents
noise (no signal component) whereas Fig. 6(b) mostly consists
of the signal components (with a very low noise level).

@ ' @©

Fig. 6 A qualitative demonstration of the correlation between the image and
the significant singular values, and the correlation between the noise and the
insignificant singular values: (a) Actual Scene, (b) Intensity Image with the
first ten singular values, (c) Edge image of (b), (d) Intensity image with the
last forty singular values, and (e) Edge image of (d).

In order to implement the above SVD filtering technique,
an optimal value of ¢ must be determined. In [15] a block-
based SVD filtering method is proposed to remove noise in an
intensity image. The method exploits the fact that random noise
is hard to compress whereas image (ordered information) is not,
and it determines the optimal value of ¢ by the following
procedures: (1) reconstruct an intensity image using Eq. (1)
with the last & singular values nullified; (2) perform a lossless
compression on the resultant image and record the image file
size F'(k); (3) perform steps (1) and (2) from 4=1 until k=R and
plot F(k) against log(k); (4) find the knee point of the curve
(where the second derivative reach its maximum) and e locates
at the knee point. In [16] a similar approach is used to filter
random noise from deterministic data.

IV. PROBLEM DESCRIPTION

Edge information of an intensity image plays an important
role in image segmentation. An edge indicates a large
variation of intensity in the neighboring pixels which may be
related to a variation in surface normal. Many researchers
[19], [20], [21] have used edge information to serve an image
segmentation process for various applications. It is logical to
think that the edges of SR-3000’s intensity image may be
helpful to range image segmentation. However, we use only
the range image in this study due to two reasons: (1) The
quality of the SR-3000’s intensity images is not good; and (2)
An edge of the intensity image does not always relate to a
change in surface normal. The pattern/texture of a surface or
shadows may also be detected as edges.

Since a range image encodes depth information as grey
level, edges of an object may be indistinctive. This can be
seen in Fig. 7(b). For proper segmentation, the edges need to
be enhanced. A typical enhancement method is to encode each
pixel’s grey level using its surface normal and depth
information [18]. This method is adopted in this study and
will be detailed in Section V. Figure 7(c) shows the Normal-
Enhanced Range Image (NERI). One can see that the edges
are much more distinctive in the NERI, but the surfaces are
corrupted at the same time. The corruption is caused by the
range errors that create variations of surface normal. The level
of corruption can be qualitatively evaluated by the edge image
in Fig. 7(d) that is extracted by using the Sobel detector. The
edge image consists of many tiny irregularities in addition to
the object’s edges. It is apparent that such an edge image is in
no way helpful to range image segmentation. We have
attempted to use the SVD filtering method [15], [16] to reduce
the corruption in the NERI. It is found that the SVD filter
itself works very well but the method proposed in [15], [16]
for determining the threshold ¢ does not work. We suspect
that it is because the corruption is not merely caused by
random noise in our case.
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Fig. 7 Conventional range image vs NERI: (a) Actual scene, (b) Range image
of the scene, (c) NERI, and (d) Edge image of (c).

Based on our experiments on a large number of different
environments, we find that it is possible to determine the
threshold ¢ for the SVD filter by simply analyzing the singular
values. The SVD filter with such ¢ works pretty well. Unlike
the method in [15], [16], our approach does not need to
analyze the reconstructed images and is thus very
computationally efficient.

V. The PROPOSED METHOD

As we have seen in section IV that the value of ¢
determines the quality of the reconstructed image. A good
estimation of ¢ should result in a reconstructed image where
most of the image features are retained and the majority of the
noise is eliminated. In this section, we describe how we
construct the NERI and choose an appropriate value for ¢.

We first construct a tri-band color image [17], [18] where
each pixel’s RGB values are encoded using the x and y
components of its surface normal and its depth information.
The tri-band image is converted to a gray image, i.e., the
NERI. We then perform the SVD, i.e., Eq. (1), on the NERI.
Since the matrix of the NERI is 176x144 and has full rank due
to noise, we have 144 singular values s; for i=1,...,144 that are
arranged in nonincreasing order. The plot of s; against i shows
that the singular values drop drastically with increasing i. The
curve stays flat when i is sufficiently big. In other words, the
first derivatives of the singular values initially have negatively
big values, and they rapidly approach to zero as i increases.
This property holds true in all of our experiments with various
scenes and it suggests that we may readily choose the value ¢
by setting a threshold to the curve of the first derivative.

Our SVD filtering method is carried out as follows:

1) Construct the NERI and obtain the singular values, s; for
i=1,...,144, of NERI matrix.

2) Normalize s; by S, =, / max(s,) and compute the first
derivatives §l.' = dfi/di =ds, fori=l,...,143.
3) The first singular value 51; in 51.' (i=1,...,143) that

satisfies §}< >0 is recorded, where & is a threshold

empirically determined through experiments. 0=0.001 in
this study. The threshold value for the SVD filter is then
determined as e=K+1.

4) Set the last 144-¢ singular value to zero, i.e., s;=0 for i=
e+1,...,144; and reconstruct the NERI using Eq. (1).

VI. EXPERIMENTAL RESULTS

A. Hardware and Software Setup

Our experimental setup is depicted in Fig. 8. The tripod-
mounted SR-3000 is connected to a Sony Vaio-SZ220B
laptop through a USB 2.0 interface. The laptop is powered by
a 1.83GHz Intel Core Duo processor and uses Windows XP as
0OS. We use MATLAB 7.0 and the SR3000’s Matlab library
to acquire sensor data.

Fig. 8 Hardware setup

B. Results

As the camera is designed for indoor use, we concentrate
our experiments in representative indoor environments. We
first describe the different stages of the proposed filtering
method using the example in Fig 9, and then validate the
method with numerous experiments.

We carry out our first experiment in the environment as
depicted in Fig. 9(a). The tri-band color image and the NERI
are shown in Fig. 9(b) and Fig. 9(c), respectively. To further
explain the principle of our SVD filtering method, the curve
of s; versus i is plotted in Fig. 10. We can see a sharp decrease
in the magnitude of the first few singular values. In this
example the most significant singular value is 19922 and the
least significant singular value is 7. The plot of the first
derivatives of the singular values is shown in Fig. 11. We can
observe that the values of the first derivatives approach to
zero rapidly. The values may oscillate in a narrow range in the
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vicinity of zero (Fig. 12) but the overall trend is moving
towards zero. It is noted that the curves are plotted using the
actual singular values to show their true magnitudes. By using
a threshold value of -20 (0.001 if normalized), the value of ¢
is determined to be 12 (see Fig. 12). The filtered NERI is
shown in Fig. 9(e), which is much smoother than Fig. 9(c).
The filtered NERI still has distinctive edges for each object.
The enhancement of image quality can also be verified by
comparing the edge image in Fig. 9(f) with that in Fig. 9(d).

© (@

Fig. 9 Experiment one: (a) Actual scene, (b) Tri-band color image, (c) Original
NERI, (d) Edge image of (c), (e) Filtered NERI (¢=12), and (f) Edge image of
(e).
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Fig. 12 Magnified view of segment AB.

Fig. 13 shows the experimental results in an environment
consisting of 4 vertical sticks. The number of effective
singular values (i.e., the value of ¢) is found to be 9. The
values of & used in this and subsequent experiments are the
same (05=0.001). The Sobel edge detector with a threshold
value of 8 is used to obtain the edge images in all our
experiments to qualitatively show the degree of corruption
before and after the filtering method is applied. The threshold
values ¢ obtained by this and the subsequent experiments are
listed in Table I.

R
|
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Fig. 13 Experiment two: (a) Actual scene, (b) Tri-band color image, (c)
Original NERI, (d) Edge image of (c), (e) Filtered NERI (¢=9), (f) Edge
image of (e)

Our next case study is implemented in an environment
with a trash can. The targeted application could be automatic

Fig. 14 Experiment three: (a) Actual scene, (b) Tri-band color image, (c)
Original NERI, (d) Edge image of (c), (e) Filtered NERI NERI (¢=12), and
(f) Edge image of (e)

waste disposal systems, wherein a mobile robot is used to
locate a thrash can. Figure 14 shows the experimental results.

Experiment four is conducted on a cluttered environment
consisting of a shelf and toolbox rack. The results are shown
in Figure 15.

Fig. 15 Experiment four: (a) Actual scene, (b) Tri-band color image, (c)
Original NERI, (d) Edge image of (c), (¢) Reconstructed NERI (¢=7), and (f)
Edge image of (e)

Experiments five and six validate the method in the cases
of stairways (Fig. 16) and hallway (Fig. 17).
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Fig. 16 Experiment five: (a) Actual scene, (b) Tri-band color image, (c)
Original NERI, (d) Edge image of (c), () Filtered NERI (¢=8), (f) Edge image
of (e)
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Fig. 17 Experiment six: (a) Actual scene, (b) Tri-band color image, (c)
Original NERI, (d) Edge image of (c), (e) Filtered NERI (€=10), and (f) Edge
image of (e)

Table I summarizes the results of the five experiments
that indicate: (1) A small number of base images are sufficient

for reconstructing a NERI; (2) The filtering method is
computationally inexpensive. It should be noted that the
computational time can be substantially reduced if we would
write the code in C++.

TABLE | SUMMARY OF THE EXPERIMENTAL RESULTS

Scene Figure | Maximum SV | Threshold ¢ | Time (seconds)
Sticks 13 21830 9 0.969
Thrash can 14 19556 12 0.98
Shelf 15 18729 7 1.3
Staircase 16 17361 8 1.8
Hallway 17 18391 10 0.938

SV: Singular Values

VII. CONCLUSIONS AND FUTURE WORK

We have presented a method to enhance the SwissRanger
SR-3000’s range images. The method first converts a
conventional range image into a Normal-Enhanced Range
Image (NERI) where each pixel’s intensity is encoded by x
and y components of the surface normal and the depth
information of the corresponding pixel in the conventional
range image. The NERI enhances the objects’ edges but
corrupts their surfaces due the noise in the range data. We
have developed a SVD filtering method to reduce the
corruption and preserve the details of the NERI. Our
experiments show that the technique can effectively filter the
noise in the range data with no prior knowledge of either the
range image or noise characteristics. The filtering method is
computationally inexpensive and thus suitable for real-time
applications. In our future work we plan to investigate into the
fundamental aspects of the SVD filter from the perspective of
the NERI enhancement.
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