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Abstract. We present a computational framework, which combines depth and
colour (texture) modalities for 3D scene reconstruction. The scene depth is cap-
tured by a low-power photon mixture device (PMD) employing the time-of-
flight principle while the colour (2D) data is captured by a high-resolution RGB
sensor. Such 3D capture setting is instrumental in 3D face recognition tasks and
more specifically in depth-guided image segmentation, 3D face reconstruction,
pose modification and normalization, which are important pre-processing steps
prior to feature extraction and recognition. The two captured modalities come
with different spatial resolution and need to be aligned and fused so to form
what is known as view-plus-depth or RGB-Z 3D scene representation. We dis-
cuss specifically the low-power operation mode of the system, where the depth
data appears very noisy and needs to be effectively denoised before fusing with
colour data. We propose using a modification of the non-local means (NLM)
denoising approach, which in our framework operates on complex-valued data
thus providing certain robustness against low-light capture conditions and adap-
tivity to the scene content. Further in our approach, we implement a bilateral fil-
ter on the range point-cloud data, ensuring very good starting point for the data
fusion step. The latter is based on the iterative Richardson method, which is ap-
plied for efficient non-uniform to uniform resampling of the depth data using
structural information from the colour data. We demonstrate a real-time imple-
mentation of the framework based on GPU, which yields a high-quality 3D sce-
ne reconstruction suitable for face normalization and recognition.
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1 Introduction

In the fields of pattern recognition, computer vision and biometrics, 2D and 3D scene
capture and understanding are active areas of research due to the variety of practical
applications such as biometric identification/authentication for security and access
control purposes, behavioral and psychological analysis for various commercial ap-
plications, object tracking, and many others. Among visual scenes, scenes containing
human faces are of particular interest and the task of face recognition has been thor-
oughly studied mainly by using two-dimensional (2D) imagery. One particular ad-
vantage of conventional face recognition systems based on 2D images is a fast and
low-cost data acquisition. However, 2D facial images can vary strongly depending on
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many factors such as viewpoint, head orientation, illumination, different facial ex-
pressions, even aging and makeup, which can significantly decrease the system per-
formance. Thus, in most cases, it is necessary to maintain a canonical frontal facial
pose and consistent illumination in order to achieve good recognition performance.

In order to overcome the above-mentioned limitations and improve face recogni-
tion accuracy, more and more approaches suggest utilizing 3D facial data, which can
be acquired by dedicated range sensors. Systems utilizing structural information of
the facial surface are less dependent to the pose and/or illumination changes, which
mostly affecting 2D image based systems. Accurate depth sensing is a challenging
task especially in presence of a real-time constraint. Recent advances in Time-of-
Flight (ToF) depth sensing technologies made fast acquisition of 3D information
about facial structure and motion a feasible task. ToF sensors are much less expensive
and more compact than other traditional 3D imaging systems used for 3D model ac-
quisition. ToF sensors can deliver range data at high frame rates enabling real-time
interactive applications. ToF depth sensors acquire depth information in a form of
perspective-fixed range images often referred to as 2.5D models, which provides val-
uable information for object detection and recognition and can greatly assist tasks of
face segmentation, i.e. removal of non-facial data such as neck, torso and hair, and
face normalization, i.e. alignment of the face data in a canonical position. These tasks
are usually performed before the actual feature extraction and recognition take place.

A number of ToF imaging applications has been proposed in the fields of face de-
tection and recognition [1-4], gesture recognition [5], and real-time segmentation and
tracking [6, 7]. A survey on face recognition and 3D face recognition using depth
sensors has been presented in [1]. A face recognition system based on ToF depth im-
ages has been proposed in [2]: as the performance of 3D face recognition is highly
dependent upon the distance noise, the problem of low quality of the ToF data has
been specifically addressed. A ToF face detection approach has been presented in [3],
where range data yields a significant robustness and accuracy improvement of the
face detector. Other systems tend to utilize multimodal approaches combining 2D and
3D features. A face recognition system using a combination of color, depth and ther-
mal-IR data has been proposed in [4]. The system is calibrated and tested in order to
select optimal sensor combination for various environmental conditions. In [5], a real-
time 3D hand gesture interaction system based on ToF and RGB cameras has been
presented: an improved hand detection algorithm utilizing ToF depth allows for
recognition of complex 3D gestures. A framework for real-time segmentation and
tracking fusing depth and color data has been proposed in [6], aimed at solving some
common problems, such as fast motion, occlusions and tackling objects with similar
color. In [7], a low-complexity real-time segmentation algorithm utilizing color and
ToF depth information has been presented. The robust performance for the approach
is based on simultaneous analysis of depth, color and motion information.

The major advantage of a ToF sensor compared to other depth estimation tech-
niques is its ability to deliver entire depth map at a high frame rate and independently
of textured surfaces and scene illumination. However, current ToF devices have cer-
tain technology limitations associated with their working principle, such as low sensor
resolution (e.g. 200x200 pixels) compared to Full High-Definition (HD) (1920x1080)
of color cameras, inaccuracies in depth measurements, and limited ability to capture



color information [8]. A solution is to combine a depth sensor with one or multiple
2D cameras responsible for color capture into a single multisensor system.

In this paper, we propose an end-to-end multi-sensor system combining a conven-
tional RGB camera and a ToF range sensor with the purpose to perform real-time 3D
scene sensing and reconstruction, which is instrumental for face recognition tasks, e.g.
3D face reconstruction, depth-guided segmentation, pose modification and normaliza-
tion. Different combinations of high-resolution video cameras and low-resolution ToF
sensors have been studied. The setups most related to our work, which utilize configu-
ration with a single color view and a single ToF sensor, are described in [9-12]. A
rather straightforward data fusion scheme has been implemented in [9]. The data fu-
sion is implemented by mapping the ToF data as 3D point clouds and projecting them
onto the color camera sensor plane, resulting in pixel-to-pixel projection alignment of
color and depth maps. Subsequently, the color image is back-projected as a texture
onto ToF sensor plane. Approaches described in [11] up-sample low-resolution depth
maps by means of adaptive multi-lateral filtering (proposed in [13]) in a way that it
prevents edge blurring in geometry data while smoothing it over continuous regions.
With GPU implementation, this approach is shown to be feasible for real-time appli-
cations. An efficient method for the ToF and color data fusion, which generates the
3D scene on-the-fly utilizing FPGA hardware, has been presented in [10]. In [12] an
efficient spatio-temporal filtering approach has been proposed that simultaneously
denoises the depth video and increases its spatial resolution to match the color video.

2 System overview

In this section, an end-to-end 3D video system for real-time 3D scene sensing and
reconstruction is presented (Fig. 1). The input data is generated by a multisensor setup
combining a ToF depth sensor and a color camera. The two sensors are displaced and
have different field of view and spatial resolution. Therefore, the distance data ac-
quired from the low-resolution ToF sensor needs to be projectively aligned and fused
with color data; a process, referred to as 2D/ToF data fusion. Computationally, this
requires reprojection of the depth data from the low-resolution grid to world coordi-
nates and then back on the higher-resolution grid of the color sensor followed by re-
sampling to get the depth values at the grid points.

An accurate fusion of distance and color information requires reliable estimation
of the relative positions of the cameras and their internal calibration parameters. A
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Fig. 1 Capturing, streaming and data processing pipeline



number of approaches have been published aimed at calibrating multiple color camer-
as with range sensors [14-16]. Calibration between depth and color sensors by a max-
imum likelihood solution utilizing a checkerboard similar to a stereo system calibra-
tion has been proposed in [14, 15]. Range-specific calibration techniques have been
proposed in [14, 16]. First, the cameras are calibrated separately for the internal pa-
rameters, such as focal length and principal point coordinates, resulting in the camera
calibration matrices Krgg and Kror. Second, the stereo calibration step provides the
external camera parameters: a rotation matrix - Ra,s and a translation vector — tay,
which form the relative transformation RTror_zcs=[R]|t] between optical centers of
the ToF camera and the RGB camera. Due to the fixed setup, these parameters have to
be determined only once during the preliminary initialization stage in offline mode.

In our setup, a ToF camera based on the Photonic Mixer Device (PMD) principle
is used [17]. To get distance data, a PMD sensor measures the phase-delay between
an emitted wave and its reflected replica. A typical PMD consists of a beamer, an
electronic light modulator and a sensor chip (e.g. CMOS or CCD). The beamer is
made of an array of light-emitting diodes (LED) operating in near-infrared wave-
lengths (e.g. 850 nm). It radiates a point-source light of a continuously-modulated
harmonic signal which illuminates the scene. The light reflected from object surfaces
is sensed back by pixels of the sensor chip, which collects pixel charges for some
interval denoted as integration time. For each pixel, the range data is estimated in
relation to phase-delay between the sensed signal and the one of the light modulator.
The phase-delay estimation is performed as a discrete cross-correlation of several
successively captured samples taken between equal intervals during same modulation
periods of fixed frequency. Denote the sample data as R, (n=1, 2,..., N-1, N>4). The
amplitude A and phase ¢ of the signal are estimated from the sampled data, while the
sensed distance D is proportional to the phase ¢:
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where j is the imaginary unit, f is the frequency of the emitted signal and c, is the
speed of light through dry air (~298.109km/h).

Due to the operational principles of the ToF range sensor, significant amount of
noise is present in the captured range data. The depth measurement noise is amplified
during the fusion process and degrades the quality of the fused data. Thus, prior to the
data fusion step, denoising of depth data should be performed in order to reduce the
noise and remove outliers. The problem of denoising of ToF data has been addressed
in a number of works [18-21]. Modern denoising approaches, such as edge-preserving
bilateral filtering [22] and non-local filtering [23], have been modified to deal with
ToF data [19, 21]. In [18], a range-adaptive bilateral filter has been proposed, by ad-
justing its size according to ToF amplitude measurements, since the noise level in
distance measurements varies depending on the amplitude of the recorded signal [19].
In our work, we specifically consider the 2D/ToF fusion in the so-called low-sensing
mode. In such a mode, the ToF sensor is restricted, e.g. by technological limitations,
to operate in poor imaging conditions. These include low number of emitting diodes,
or low power or short integration time. In such conditions, the noise becomes a domi-
nant problem, which should be addressed by dedicated denoising methods [20, 21].
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2.1 ToF denoising

Measurement accuracy of a ToF sensor is limited by the power of the emitted signal
and depends on many factors, such as light intensity, different reflectivity of surfaces,
distances to objects in a scene, etc. Erroneous range measurements [21] can be caused
e.g. by multiple reflections to the sensed signals, sensing objects having low-
reflectivity materials and colors, or surfaces of small incident.

When in low-powered sensing more, the ToF sensor is usually also with low spa-
tial resolution, meeting technological limitations such as requirements for miniaturi-
zation of the beamer size and reducing the number of LED elements for cost-efficient
hardware and embedding into portable devices. This leads to very noisy range images
of a very low resolution. Degradations in the range data impede the projective map-
ping function in the 2D/3D fusion process. The case is illustrated in Fig. 2: one can
observe that while the original noisy range data represents some scene structure, the
fused output is fully degraded and useless. The process of surface based z-ordering
becomes extremely unstable and no confidence of occluded and hidden data can be
estimated (Fig. 2 3" row). Due to the noise influence on the projected position, some
areas of the rendered surface get artificially expanded and shadow some true areas.
The effect impedes the non-uniform resampling at the stage of data fusion and also
illustrates the importance of proper care of the range noise prior to fusion procedure.

We specifically address the noise reduction as a post-capture stage applied to low-
sensed range data with the aim to achieve a 2D/ToF data fusion result with quality as
if the ToF sensor was working in normal operating mode (Fig. 2). We have proposed
a three-stage denoising technique: a raw data (system) denoising, point-cloud projec-
tion and denoising, and non-uniform resampling combined with depth refinement.

For the system denoising stage, we propose a technique based on the state-of-the
art non-local means (NLM) denoising approach [24]. The general idea of NLM filter-
ing is to find blocks (patches) similar to a reference block and to calculate a noise-free
estimate of the central pixel of that reference block based on weighted average of the
corresponding pixels in the similar blocks, where weights are proportional to the
measured similarities.

In our approach, the signal components of the phase-delay and the amplitude of
the sensed signal are regarded as components of a complex-valued random variable
and processed together in a single step. The map for similarity search, denoted by U
in our approach is chosen to be the pre-computed maps of (A, ¢) — (Au, @u) given in
Eq.(1) and pixel-wise combined into a complex-valued map, denoted by Z, while the
modified NLM filter (NLMc_x )is given by:
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In the equation Cy denotes a normalization factor, G is a Gaussian kernel, Q is the
search range, U is the pixel map, x is the index of filtered pixel, y is the running index
of center pixels in similarity patches, h is a tuning filter parameter, and x-(0) denotes a
centered convolution operator, while (+ .) denotes the range of pixel indices of spatial
neighborhood.
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Fig. 2 Role of denoising. Left, (clockwise): ToF range image; detected face region; noisy
(1:=50ps) face region; GT face region. Right, in rows: fusion, segmentation and z-ordering;
using (in columns) GT, noisy, denoised depth.

The complex-valued representation of the sensed signal facilitates the block search
stage and leads to better filter adaptivity and similarity weighting with reduced com-
putational complexity. The complex-domain filtering implies simultaneous filtering of
all signal components in a single step, thus it provides additional feedback in the form
of improved (noise-reduced) confidence parameter given by A, which can be utilized
in iterative de-noising schemes. Such NLMc,x filter can be easily extended to similari-
ty search in temporal neighborhood of successively-captured frames, where temporal
similarity is beneficial [28]. Such spatio-temporal filtering provides significant boost
in denoising for small number of frames (e.g. 3) and for decreased size of the
searched spatial neighborhood. The spatio-temporal search allows additional trade-off
for using shorter integration times, and thus increases the number of frames which can
be used. This provides an effective over-complete observation structure instrumental
for effective denoising. Further modification is focused on speed. We have proposed a
real-time version of NLMc x denoising filter — S(implified)NLMc_x. It is only slightly
inferior in terms of quality, however achieves an O(1) complexity. The idea is to first
apply a global pre-filtering in order to simplify the patch similarity search by utilizing
summed area tables (SATSs) and smart look-up table data fetching [28].

In contrast to other 2D/ToF fusion approaches, which suggest working in planar
coordinates, our approach includes a second-stage denoising refinement data project-
ed in the 3D world coordinate system (i.e. data point cloud), It makes use of the sur-
face information presented in the point cloud of range measurements [20]. The prop-
erty that surf mesh data could exist on the unique optical ray formed by corresponding
range pixel and camera center can be used for a surface mesh denoising in the flavor
of the techniques given in [13].

2.2 Resampling and data fusion

Depth and color data fusion refers to a process of depth data reprojection and color-
aided resampling. As the two cameras in the setup cannot be placed at the same posi-



tion, their viewpoints are shifted relative to each other and also viewing directions
may be slightly different. Thus, to align the depth information with the color image,
every pixel of the depth image needs to be reprojected in the coordinate system of the
color image. This transformation is usually performed in two steps, often referred to
as 3D warping. First, each pixel of the ToF image d(u, v) is converted into a corre-
sponding 3D point in terms of a homogeneous coordinate — (x, y, z, w)":

X=U-2/froe Y=V 2/ fror 2= fror -d(u,v)/,/ f2, +ul+Vv2, w=1, ®3)

where fror is the focal length of the ToF sensor. The second step is to project every
3D point on the image plane of the color camera:

(X, y!W)RGB = KRGB : RTTOF»RGB -(X, y!Z!W)T- (U'V)RGB = (X’y)RGB /WRGB ) 4)

where RT1or_rgz and Krggare calibration parameters of the system and (u, v)rgg are
the image coordinates for a global point (x, y, z, w)" within the RGB image grid.

In order to obtain a dense depth map, the depth data should be upscaled to match
the resolution of the color image. One particular problem is that the points projected
to the color camera image grid do not fall to the integer positions and also are very
sparse due to the low resolution of depth data. The unknown values at the regular
positions of color image grid need to be estimated from sparsely scattered irregular
data, imposing a non-uniform resampling problem. An accurate non-uniform to uni-
form resampling in real time is a challenging task and still an open-research problem
[24]. It is important to utilize structural information presented in the high-resolution
color data in the depth resampling process to properly align the multisensory data.

A non-uniform to uniform iterative resampling method has been proposed in [20].
The proposed method makes use of the color information by applying color-driven
bilateral filter to the result of interpolated depth at each iteration (referred to as joint-
or cross-bilateral filter [13]). The depth-refining resampling starts from an initial
depth approximation on the high definition grid obtained by fitting VVoronoi cells (V)
around projected irregular depth samples followed by nearest-neighbor interpolation
in the flavor of [25]. So-interpolated depth map d undergoes a joint-bilateral filtering
(JBF) as defined in [13]. The role of the JBF is to smooth any blocky artifacts arising
from the preceeding interpolation while aligning it with object edges of the color im-
age. In order to estimate the error between the interpolated and the initial depth val-
ues, the values at the starting irregular locations are calculated by bilinear interpola-
tion (L) of the refined depth d. The obtained error values are then interpolated again
with V and added to d, and the procedure is repeated. By defining the depth map ob-

Fig. 3 Data fusion: view-plus-depth frame and 3D textured surface



tained after i-th iteration as d;, initial depth values at irregular positions as z, and a
relaxation parameter by A, the whole iterative procedure can be formalized as follows:

d,,, = JBF (d, + AV (z - L(d,))). )

The use of bilinear interpolation for depth values calculation at the irregular locations
is motivated by the observation that depth maps can be modeled as piecewise-linear
functions at local neighborhood and interpolators of higher degree are not beneficial.

The point-based depth reprojection comes along with one particular problem,
namely z-ordering of projected points for detecting possible dis-occlusions. This re-
quires an additional pre-processing of the projected data: ToF samples which are not
visible from the color camera position are considered as “hidden points” and have to
be filtered out before interpolation, in order to prevent the liking of hidden back-
ground information. A solution to the z-ordering problem is provided by our GPU-
based rendering approach [26]. In order to generate a depth map corresponding to the
viewpoint of the color camera, the algorithm makes use of a 3D mesh representation
of the scene obtained using the ToF depth data. The depth data is represented as a
triangulated surface mesh and then rendered as if observed from the point of view of
the color camera. This constructs a depth map projectively aligned with the color
image. During the rendering process, some depth testing is performed automatically
and only the minimum per-pixel z-distance is stored in the depth buffer. Modern
GPUs provide hardware support for triangulated non-uniform bi-linear resampling,
which can be used for the fast resampling of the obtained depth map. However, the
depth map obtained with bilinear interpolation needs to be further refined by a color-
controlled filtering, e.g. JBF, so that color edges and depth discontinuities get aligned.
The color image can be applied as a texture to the refined 3D depth surface. The tex-
tured surface can be then rotated, scaled and translated as needed to generate any
arbitrary view (Fig. 3).

2.3 Depth-assisted segmentation

In a color plus depth imagery, a region containing a face can be detected by a cascade
classifier mechanism, as in [27]. Then, the associated depth can be utilized for effi-
cient face segmentation. An example of fast depth-assisted segmentation approach
utilizing 2D color and depth information as well as motion information has been pro-
posed in [7], where motion between two consecutive color and range frames is ana-
lyzed to locate preliminary region of interest within the scene. Then, a refinement
algorithm delineates the segmented area. Object motion in a scene is detected by
tracking pixel-wise color and depth changes between two consecutive frames. The
temporal differences between both color and depth are mutually thresholded with
certain value resulting in a region mask of detected motion. Initial foreground mask is
estimated by applying a region growing algorithm, which uses so called “pixel seeds”,
which in our case are the ones detected in motion mask. The idea of the region grow-
ing algorithm is the following: a chosen seeding pixel is compared for similarity with
the neighboring ones, and then added to the seeding region, thus growing it.

The foreground mask obtained with the growing algorithm can contain false inclu-
sion of background areas due to errors in the depth map. This kind of errors can be



tackled by using more precise edge information from the color data, which results in
improved foreground mask. To reduce boundary errors, so-called ‘tri-map’ is generat-
ed as follows: pixels inside the foreground mask are marked as ‘certain foreground’,
the ones outside — as ‘certain background’, and pixels near the edges are marked as
‘uncertain’. Then a K-nn search of the nearest pixels is performed in order to decide
whether an uncertain pixel belongs to foreground or background by comparing its
color to the certain foreground and certain background neighbors. The segmentation
results, obtained using the described method, are illustrated in Fig. 2 Right.

2.4. Face normalization by Iterative Closest Point methods

A proper face alignment is viable for biometric applications involving facial data such
as facial feature extraction, expression estimation, motion tracking and recognition.
Usually such applications heavily rely on the use of trained classified data where cer-
tain face pose of limited misalignment variation was utilized for training. The process
of face alignment to certain pose is referred in the state of the art literature as to face
normalization [3, 4, 32, 33]. A rigid alignment for face normalization utilizing de-
grees of freedom (DoF) such as: angle rotations, translation shifts, and scaling can be
obtained by utilizing so called Iterative Closest Points (ICP) algorithm [31].

Basically, the ICP algorithm is data registration applied on 3D data point clouds
[30]. First, the algorithm takes a source of point cloud data as reference and target one
as template. Then, for each point in the template, it locates the closest point in the
source, and aims at minimizing the error between these points by applying a rigid
transformation between the two meshes. This process is repeated until a threshold
error is reached. The ICP solution may vary according to data selection [34], outlier
filtering [31, 34], minimization constraints [29], or “closeness” metrics [34].

3 Performance validation on biometric pre-processing tasks

We illustrate the performance of our 3D capture and processing framework by exper-
iments characteristic for typical biometric tasks such as face detection, tracking and
recognition [2, 3, 4]. The first experiment demonstrates face projection alignment and
fusion of color and depth data in the presence of noise. The second experiment
demonstrates the performance of the system for ICP-based face normalization. The
experimental equipment consists of custom designed 2D/ToF camera setup consisting
of a Prosilica GE-1900C high-definition color camera and a PMDTech CamCube 2.0
ToF device mounted on a rig, where both cameras are vertically aligned with a base-
line B = 6 cm. The scene represents a person frontally facing the cameras at a distance
of 1.2 meters and sitting in front of a flat background situated in 2.5 meters.

3.1 2D/ToF fusion of face images

The face is detected utilizing a real-time modification of the Viola and Jones algo-
rithm [27], [35] (Fig. 2). The detected face region Ug in the range map is used to
quantify the denoising performance. The effect of noise in low-powered sensing envi-



ronment was simulated by changing the integration times of the ToF sensor for range
I+ € [2000+50]us, where the normal operating mode is corresponds to 11=2000us. To
get ground truth data (GT), we have averaged 200 consecutively captured frames in
normal operating mode. The low-sensing case is characterized by measured amplitude
the reflected signal A<250 units [21]. For such amplitudes, it is expected that the error
of the measured depth exceeds the one specified for normal operating mode [17]. The
corresponding input low-sensed (and potentially wrong) depth pixels are counted as
percentage of all available depth pixels and denoted as “BAD” (Table 1). Pixels hav-
ing measurement error twice exceeding the corresponding GT range value after pro-
cessing are considered uninformative and marked as “IMP”. The noisy data has been
processed by our SNLMc_ x approach, working in real time. The denoising results are
given in Table 1 and depicted in Fig. 4, where the comparison metrics are calculated
as follows:

PSNR[dB]= 20|ogm[';|¢§éj, MSE = éﬁf(u -(1)-Ue (D), ©

where Ur and Ug’ correspond to noisy input and denoised range output of face re-
gions, Sy is number of pixels, and Dyax=7.5m. The results demonstrate a robust de-
noising performance as the processed output is quite close to the ground truth data.
Facial features such as filtrum, nose, and eyelids are apparently visible (c.f. Fig. 4).
The denoising improvement is substantial and higher than 14 dB. As commented in
[2], a denoising improvement of 12-14 dB ensures some 50-70 percent improvement
in recognition when PCA or M(LDA) classifiers are used (see Table 1 in [2]).

Table 1. Denoising performance of proposed algorithms
It[us] | 2000 | 1000 | 800 | 500 | 400 | 200 | 100 | 80 50
BAD pixels, [%] | 1 20 26 44 51 100 | 100 | 100 | 100
IMP pixels[%] | 0 0 0 0 0 0.1 1.7 6.5 11.8
Noisy,[dB] | 40.18 | 36.29 | 35.43 | 31.64 | 29.82 | 23.41 | 14.92 | 12.29 | 14.32
SNLMc x[dB] | 47.23 | 38.15 | 39.62 | 37.89 | 37.73 | 36.01 | 32.75 | 30.21 | 30.02

3.2 Face normalization

For the face normalization experiment we have implemented the classical ICP ap-
proach as presented in [29]. The following test was performed. A face with given GT

Im$
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Fig. 4 Image and surface plots. Rows: noisy input and denoised output for I+ = 200, 100, 50 ps.



geometry was transformed in 6 degrees of freedom (DoF) consisting of 3D axial an-
gles Pitch(p), Yaw (6), Roll(y) and vector of translation shifts T = (x, y, z). The angles
got arbitrary values in the (extreme) range [-30°, 30°] and the translation was fixed to
a rather big shift of 40 cm. For the face normalization purposes, the proper estimation
of T is considered insignificant [4], what is important in our case is to acquire data “en
face”. The results of face normalization by ICP are given in Table 2 and depicted in
Fig. 5. Two metrics were utilized: the mean and the variance of misalignment error
denoted as Eyeay and Eyar respectively. The results demonstrate the benefit of de-
noising pre-processing of low-sensed data. The results of Eyean and Eyar show a sub-
stantial decrease of misalignment error (i.e. low Eyean) and improvement of robust-
ness (i.e. low Eyag). There is an interesting anomaly in the result. The face normaliza-
tion performance of denoised results for less noisy input data (e.g. 1;=1000ps) is infe-
rior to the ones for shorter integration times (e.g. 1+=50us), thus noisier. This is ex-
plained by the adaptive mechanism of our filter. For the sensed data that is expected
to have relatively small amount of noise according to higher values of A, our tech-
nique does not apply heavy filtering. However, in the case of facial data, low-sensing
artifacts caused by multi-reflectivity path is observed in the areas of eye pupils, and
hair [21]. They are presented in the depth modality but not in the amplitude one. Still,
the obtained results for less noisy data show good robust performance for Eygan= ~1°
and Eyar = ~0°. An additional demonstration of ICP performance for face normaliza-
tion is given in Fig. 6, where misaligned angle error is visually depicted for the ex-
treme angle misalignments of 30°.

Table 2. Face normalization by ICP

It[ps] 1000 200 100 50
DoF [0) 0 ¥ 0] 0 v 0] 0 v [0) 0 ¥
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Fig. 5 Face normalization test performance for Eygan and Eyag metrics



Fig. 6 Demonstration of ICP misalignment performance (columns): a) GT, b) noisy data —
I:=50ps, and c) denoised output; (rows): d) initial displacement — (¢, 6, ) = 30°, €) face nor-
malized output by ICP

4 Conclusion

In this paper, we have presented a framework for 3D scene capture and reconstruc-
tion. It includes hardware and software systems aimed at efficient sensing and compu-
ting in real time. The hardware module includes an RGB color camera of high defini-
tion and a ToF active range sensor of rather low resolution. The two sensors are verti-
cally aligned and properly jointly calibrated. The main aim of the computing system
is to support the work of the sensors in low-sensing mode. Thus, it contains specific
solutions for range data denoising, upscaling and 2D/ToF data fusion. Three-stage
denoising approach has been proposed. The first stage employs a version of the NLM
method, modified to work with complex-valued spatio-temporal data. The second
stage performs denoising in the point cloud by making use of the specific nature of
depth data. The third stage utilizes structural information from the aligned color sen-
sor and refines the upscaled depth at the stage of non-uniform resampling. As a result,
the 2D+depth data provides 3D scene reconstruction with quality as high as if the
range sensor was working in normal sensing mode. The performance of the system
has been validated by experiments aimed at preprocessing for typical biometric tasks
such as face detection, segmentation, surface mapping and normalization. The de-
noising improves the signal to noise ratio by more than 14 dB thus providing 2.5 D
face data good enough for the subsequent stage of feature extraction and recognition.
ICP-based face normalization works also fine on the denoised depth maps. In this
case, it turns out that noisier data can lead to even better denoising results due to the
amplitude component, which implicitly controls the distances between similar patches
in the complex-valued modification of the NLM method. While demonstrated for face
recognition tasks, the 3D capture and reconstruction framework is perfectly applicable
to other biometric tasks where the availability of dynamic 3D scene is required. Such
tasks may include body segmentation and tracking for e.g. human behavioral analysis.
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