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Abstract

This paper tackles the problem of people re-identification by using soft biometrics features. The
method works on RGB-D data (color point clouds) to determine the best matching among a
database of possible users. For each subject under testing, skeletal information in three-dimensions
is used to regularize the pose and to create a skeleton standard posture (SSP). A partition grid,
whose sizes depend on the SSP, groups the samples of the point cloud accordingly to their position.
Every group is then studied to build the person signature. The same grid is then used for the other
subjects of the database to preserve information about possible shape differences among users. The
effectiveness of this novel method has been tested on three public datasets. Numerical experiments
demonstrate an improvement of results with reference to the current state-of-the-art, with
recognition rates of 97.84% (on a partition of BIWI RGBD-ID), 61.97% (KinectREID) and 89.71%

(RGBD-ID), respectively.

Keywords: People re-identification; Color-based descriptor; Skeleton standard posture; Partition

grid; RGB-D sensor; Color point cloud.

1. Introduction

In the last decade, people re-identification has gained an increasing interest by the scientific

community. The recent terrorist attacks and the continuous demanding of monitoring public and
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crowded places have been favouring the developing of new methodologies and sensors to
accomplish this task. Re-identification is the ability of an intelligent system to recognize a person
across disjoint camera views. In this regard, several practical applications, including video
surveillance, service robots, human-robot interaction, access control, people tracking, analysis of
behaviors and long-term activities of people in care centers, and sport analytics, can be identified
[1-8].

Generally, in order to re-identify a person, several features can be considered. According to the cues
or characteristics selected it is possible to discern two categories: soft biometric features and hard
biometric ones. The soft biometrics [9] involves all the traits of a person that can be physical (e.g.
face features, eye color, skin color, hair color, height, weight, distinctive marks, etc.), behavioral
(e.g. gait, keystroke, voice, handwriting, etc.) or adhered human characteristics (e.g. cloth color,
accessories, tattoos). On the contrary, the hard biometrics [10] includes fingerprints, DNA
sequence, retina features, ear features and so on. Therefore the hard biometrics can require invasive
techniques to gather the information or at least the collaboration of people.

Currently, increasing attention in the field of people re-identification has been focused on the use of
novel sensors, namely RGB-D cameras [11-14], able to produce both color and spatial information
of the environment. Specifically, RGB-D sensors can sample the environment, and thus people
within the scene, producing dense point clouds. These are arrangements of points which model the
scene in three-dimensions, also giving information about its color appearance. In addition, when the
point cloud models a human being, proper available algorithms, based on machine learning [15-17],
can provide a set of joints with 3D coordinates which create a simplified skeleton of the user.

In this paper, we propose a new method belonging to the soft biometrical approaches. It uses the
combination of color and depth information to build a very informative signature of the person
under investigation in order to increase the re-identification performance. The underlying idea
follows the human ability of re-identifying people by taking into account both anthropometric and

color information.
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The detailed description of the proposed approach is given in Section III after a review of the
related works presented in Section II. Then experimental results are reported in Section IV, where
the performance of the methodology is analyzed in terms of predictive accuracies; conclusions and

remarks for future investigations are given in Section V.

2. Related works

In general, people re-identification is performed by considering two distinct phases: first a
signature, composed of a set of significant features, is learned for the subject under testing. Then, in
the second phase, the learned signature is compared with those of a database of known subjects to
sort the elements according to the similarity.

In literature, several methods have been proposed to solve this problem [18-20]. Most of them rely
on the person appearance that can be described using features, such as the texture or the color of
clothes. Other features as the body shape, the skeletal information or the face appearance can be
employed to enhance the recognition as well.

In [21] the authors propose simple geometric features for person re-identification, which are
extracted by using a top-view setup of a consumer RGB-D sensor. Only depth images are
considered for the computations. The main depth image blobs, such as head and torso, are analyzed
in order to extract their height, area, occupancy volume and speed useful for the trajectory
descriptor. A similar approach is proposed in [22] where a new dataset, made of top-view
sequences, is presented. Anthropometric and color-based features are computed by investigating the
top side blobs of 100 people. Combining color and depth features a recognition rate of about 70% is
obtained.

Other approaches use standard camera configurations where the individuals are framed in frontal or
rear-wise side such as in [23-25]. The authors of [23] propose a re-identification algorithm able to
identify particular signatures from the range data of people. The signature is composed of ten soft
biometric cues. Specifically, seven skeleton-based features are derived by the skeleton information

and the other three surface-based features are defined using the geodesic distances computed among
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a predefined set of joints. A study on how these different features can be weighted in order to
maximize the re-identification performance is presented. Then the signature matching phase is
applied on several datasets acquired across intervals of days and investigating collaborative and
non-collaborative settings. The average recognition rate is below the 20%. In [24], a people re-
identification approach that combines 3D descriptors of body shape and skeleton data is presented.
The Viewpoint Feature Histogram (VFH) is used to extract the first 3D descriptor that focuses on
the spatial arrangement of the samples of the point cloud, thus getting information about the body
shape of the person. Skeleton link lengths are used for composing the second descriptor. The
computed features are then combined in order to obtain the final person signature. A voting system
is finally proposed for finding the best matches among signatures. Recognition scores of 25% and
14.2% are obtained for datasets of people performing two actions (still and walking, respectively).
3D data without color information is also employed in [25]. The authors exploit the soft biometric
cues and in particular the body skeleton information, providing two different approaches for person
re-identification. One method builds a subject descriptor using the body skeleton information,
whereas the other builds a standard point cloud pose which is compared with the ones of the gallery
set in terms of a fitness score resulting from the application of the Iterative Closest Point (ICP)
algorithm. A dataset of 50 people, performing different actions, is presented and used to evaluate
the proposed algorithm for long-term re-identification. The first method achieves an average
recognition rate of 23.9%, whereas the second one slightly increases it to 27.5%.

The exclusive use of color information or 3D data alone is not always sufficient to solve people re-
identification [26-28]. Therefore, many literature works propose the integrated use of both the color
and the 3D data for improving re-identification accuracy. In [29] the authors fuse clothing
appearance descriptors with anthropometric measures extracted from depth data. Then a
dissimilarity-based framework for building and fusing multi-modal descriptors of pedestrian images
is also proposed. The simultaneous use of anthropometric measures and clothing appearance

descriptors increases the first-rank recognition rate of about 20% in comparison with the only use of
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anthropometric information. A 3D cylindrical descriptor grid that stores color features with angles
and heights is proposed in [30]. A normalization process aimed at removing brightness and contrast
variations is applied before matching. A new dataset involving three scenarios is presented and used
for performance evaluation. Recognition scores over the 70% are found in all the investigated
datasets.

Another re-identification framework [31] creates a non-articulated 3D body model, whose vertices
are filled by appearance features (color and gradient histograms). The body model has a fixed
shape, whereas its size is defined by a scale factor which depends on the person shape. By using the
multi-shot approaches for creating the training and the query models, an average rank-1 recognition
rate of about 70% is achieved on the dataset 3DPeS [32], which contains 200 people.

Finally, the recent spread of deep learning has favored the development of some person re-
identification applications based on this approach [33,34]. In this regard, a multi-modal uniform
deep learning method for extracting the color and anthropometric features is proposed in [35]. The
method uses two Convolutional Neural Networks (CNNs), properly trained to separately analyze
the depth and RGB images. Afterwards, a multi-modal fusion layer combines the computed features
from the input data producing the latent variable related to a person under analysis. This method
requires a preliminary training phase that imposes a preliminary labelling phase of the set of people
to be re-identified and the generation of features. Furthermore, the learned models depend on the
specific setup of acquisition, the lighting conditions and the camera intrinsic (resolution, exposition,
focal length, etc.) and extrinsic (pose in space) parameters.

In this paper we propose a new method which uses both color features and 3D data acquired by
RGB-D sensors, but it does not need a training phase to learn features and does not depend on
specific camera setups. The proposed algorithm can be used for accomplishing short-term re-
identification of people in large indoor environments where multiple RGBD cameras can be
employed for people tracking purposes or for monitoring restricted areas. We assume that people do

not change their clothes and move in the environment with typical walking gaits. In these
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conditions, re-identification approaches based on color features can take advantage of depth
information to compare more robust data that consider both posture and body size of different
people.

The underlying idea behind our work is that 3D information is used to properly weight the color
information. Color alone can be effective and enough for people re-identification when images are
acquired in the same conditions, with people standing always in front of camera with the same
posture. But when these constraints cannot be imposed the knowledge of posture can guide the
comparison of color features and improve the recognition. In other words, 3D information is
managed in order to drive the comparison, based on color information content, of consistent body
parts. This is achieved by applying rigid roto-translations to the 3D point cloud of the subject under
testing in order to opportunely align it in a global coordinate system. A Skeleton Standard Posture is
then computed to create a new representation of the person skeleton. This representation is then
used to produce an unevenly-spaced partition grid, which is properly set to non-uniformly resample
the point cloud in accordance with the anthropometric properties of the subject under analysis. Each
cell of the partition grid is assessed in order to compute the color statistics which defines the
signature of the person to be recognized. At the same time, the point clouds of the reference
database are similarly treated to extract the signatures, but using the same partition grid of the
subject under analysis. In this way, the signatures have short distances only when people have
similar 3D appearance.

The main contributions of paper can be mainly highlighted in the following points: a) introduction
of Skeleton Standard Posture (SSP), b) computation of the Partition Grid (PG) through the SSP for
generating independent and robust color-based descriptors and ¢) re-projection of the user
signatures in the DataBase (DB) by means of the SSP related to the person under investigation.
Different body shapes lead to very different person signatures on the basis of the same SSP as input,

thus enhancing the re-identification capabilities of the proposed method.
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This approach has been tested on different datasets such as the BIWI RGBD-ID [36], the
KinectREID [37] and the RGBD-ID [38], in order to prove its accuracy and robustness.
Experimental evidence is provided to support its outperformance by comparing it with those state-
of-the-art methods specifically developed to operate in typical video surveillance contexts. In
particular, the proposed approach will be compared with the work presented in [29], which uses
SDALF [39], eBiCov [40] and MCMimpl [41] methods.

In the following sections the proposed algorithm will be described with more details highlighting its

peculiarities and its distinctive advantages.

3. Methodology

With reference to the flow chart in Fig. 1, the method accepts as input the dense point cloud of a
person and his/her 3D skeleton data. After a preliminary processing step aimed at cleaning the input
data from noise, the point cloud is aligned according to the camera viewpoint by exploiting the 3D
skeleton joints (see block Point Cloud Alignment in Fig. 1). The obtained new data is processed by
the Skeleton Standard Posture & Partition Grid module, which computes the Skeleton Standard
Posture of the person. This module outputs the person signature which consists of color descriptors
associated to a partition grid related to the source user under analysis. The same partition grid is
then used to extract the descriptors of other users (in DataBase re-projection module). The reference
DataBase (DB) is accordingly modified as follows: 1) all the signatures in the DB are projected by
using the partition grid of the source person instance; 2) the obtained signatures corresponding to
the same person are averaged to obtain the reference signature which has to be used in the following
matching phase. Finally, the Matching module compares the source person signature (green
containers in Fig.1) against to all the re-projected reference ones (cyan containers in Fig. 1). It

returns the ID number of the person who is the most similar to the considered one.

In this work we assume that the method operates for achieving short-term person re-identification

into indoor scenarios. Therefore, it is supposed that people do not change suddenly their clothes
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and/or accessories. Furthermore, the input point cloud of the person under analysis must be

completed by a skeletal representation. Each joint of the skeleton has to be known in 3D space.

The following subsections will detail the entire processing pipeline which includes data pre-

processing, construction of SSP and partition grid, and signature computation.
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Fig. 1. Flow chart of the processing pipeline: input point clouds and skeletons are preprocessed and aligned; SSP are

then computed to determine a color descriptor; feature comparison assigns the ID with respect to the re-projected DB.

3.1 Point cloud pre-processing

Point clouds, acquired by using range cameras, often suffer from noise and outliers. In particular,

sparse outliers, known as shadow points, can occur at the boundaries of the acquired subjects during

point cloud segmentation. Moreover, also secondary reflections or high-absorbing targets can

increase the noise of point clouds. Therefore a pre-processing stage is needed in order to clean up

outliers and/or irrelevant points.
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Furthermore, each person of the dataset can have different pose depending on his/her relative
position and orientation with respect to the camera. Different poses in space can generate not
comparable point clouds because of self-occlusions. As a consequence, point clouds need to be
aligned in a global coordinate framework in order to be coherently compared.

As a first step in point cloud pre-processing, a statistical filter is applied in order to remove outliers
as proposed in [42]. The Fig. 2 shows the resulting point cloud obtained after applying this filter on
a noisy point cloud of the person. In this case, the outliers within the red ellipse are correctly

removed, thus producing the set of points shown in Fig. 2(b).

Y [m]
Y [m]

Fig. 2: (a) Input point cloud with some outliers enclosed by the red ellipse and (b) filtered point cloud.

The second step in the pre-processing phase handles the point clouds in order to align them to a
common reference system. Specifically, point clouds are managed to have the front or the back side
of the person always facing the camera. In this way, also the point clouds of people that are framed
side-wise by the RGB-D cameras will have comparable poses.

The alignment phase is performed by taking advantage of the body skeleton information provided
along with the input point clouds expressed in the global reference system (X,Y,Z), having origin
in the optical center of the camera and the Z-axis along its optical axis. The pose of each person is
determined by computing the plane that best fits the skeleton joints in the weighted least squares

sense. As the body pose of person under analysis could affect negatively the alignment stage, the
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estimation of the fitting plane is performed in a weighted manner, where each skeleton joint has a
proper weight value. Specifically, the joints as the torso, the hips, the shoulders, the neck and the
head, which are less affected by the person movements, involve larger influence during the plane
estimation and they have consequently high weight values. Conversely, the joints of the arms and
the legs have much lower weight values because they are related to body parts that move much

more frequently.

\z
o o
[¢$,]
- A
Y [m]

B E
> I =
’ H -0.5
1111 F05 g mii
4 . HHHH
Ziml 5| ‘ - Z[m] o.g | | . L Zimlo0s] |
0y 05 0 1 05 0 ® 08 04 o
X [m] X [m] X [m]
(a) (b) ()

Fig. 3: (a) Planar fitting of the skeleton joints (red dots) where N is the normal unit vector to the fitting plane. (b)

Alignment of joint points and (c) alignment of the person point cloud.

T
With reference to Fig 3(a), the unit vector N=[Nx Ny NZJ represents the normal of this

approximating plane, which has to be aligned with the Z-axis to obtain the facing view of the
person. The point cloud is first translated in order to center the torso joint, assumed to be the center
of mass of the skeleton, in the origin of the reference system (X, Y, Z). Then, by using the notation
reported in [43], the point cloud is rotated by using the matrix in Eq. (1):

N, +hvx2 y,—v, Wy +v,

R=| vy, +v, Nz+hvy2 v, —v, (1)

2
v, —v, hy +v, N +h,

10
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> . This matrix rotates the coordinates [x;,

1-N?

z

where V:[Vx v vz]Tsz[O 0 I]T and h=

y
i, zi]" of a generic i-th point of the input data, as follows:
[x o Z] =Rdx » z] 2)
where [x; V! Z;]T are the resulting coordinates. Notice that also the skeleton joints are

transformed in the new reference system. Fig. 3(b) and Fig. 3(c) show the skeleton and the point
cloud after the alignment stage, respectively. It is important to observe that the point cloud
alignment also improves the discrimination in space of each segment of the subject. As an example,
the comparison of Fig. 2(b) and Fig. 3(c) reveals that the right arm of the framed person is further
detached from the rest of body. This aspect is important for the proposed approach, as it will be

discussed in the next subsections.

3.2 Skeleton standard posture and partition grid

The second step in data processing consists in the definition of the Skeleton Standard Posture (SSP)
of the person by using the aligned skeleton joints. As previously stated, the SSP includes
anthropometric information about the body shape of the subject and it will drive the process of
signature extraction based on color collection. In fact, the SSP is used to produce a partition grid
which divides the point cloud in different areas, where discriminative features can be defined.

The SSP is a new representation of the skeleton at a fixed posture. Although the proposed approach
can work with any number of skeleton joints, the following discussions will consider skeletons
made of 15 joints, labeled with the integer s = 1, ..., 15 (s = 1 refers to the torso joint, s = 2
indicates the neck joint, and so on). Fig. 4(a) shows the fixed posture of the skeleton in the XY-plane
of the global reference frame.

Starting from the origin of reference system (the torso joint s = 1), the SSP is built by placing the
consecutive joints along specific directions, lying on the XY-plane, and keeping the same distances

between them. As an example, the neck joint (s = 2) is located along the Y-axis at a distance from
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the torso joint (s = 1) equal to the Euclidean distance between the neck and torso joints of the
detected skeleton. Following this procedure, all the joints of the arms are properly located parallel
to the X-axis. The leg joints, instead, are radially projected onto two lines making an angle of +45°

and -45° with the Y-axis, respectively.

w3 w2 wl wil w2 w3

3
1 hl ¥ 20
h1 2 7 04
6 5 4 7 8 9 h 4 e
h 1 T 0
10/ 13 T Al 02 E
- omal * =
h3 04
11 14
h3 » 06
1 12 15 08
T h4
-1
h4
| 1.2
05 0 -0.5
X [m]
(a) (b) (©)

Fig. 4: (a) SSP computed using the 3D aligned joint. (b) Vertical and horizontal bands for the partition grid. (c)

Example of partition grid made of 81 unevenly-spaced cells. The red dots represent the 3D joints.

The SSP is then used to create the partition grid shown in Fig. 4(c). It is of great importance to
notice that the partition grid is distinctive of each person, since it depends on his specific shape. The
partition grid consists of three vertical bands (w;, w,, w3) and four horizontal bands (h, h,, hs, hy)
which are further divided in more cells, opportunely. In particular, as shown in Fig. 4(b), each
vertical band (wp,p = 1, ...3) is defined by considering the position of arm joints. The horizontal
bands (hg,q = 1, ...4), instead, are defined by considering the joints of head, neck and the radial
projections of the leg joints onto the Y-axis. Differently from the vertical bands, the horizontal
bands need an additional tuning due to a possible difference in the perceived legs length. For
instance, in the case shown in Fig. 4(b), the horizontal bands /2, h3 and A4 are defined by
considering the joints of the left leg which is detected longer than the right one.

The obtained 3x4 partition grid is unevenly scaled to a final size PxQ in order to capture more
information from regions which are likely expected to deliver more contents. P and Q values are

defined taking into account the properties of the experimental setup, such as image resolution,

12
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camera field-of-view, and mean distance of the subjects from the camera. In the case shown in Fig.
4(c), P = Q = 9: the central vertical band w, is equally sub-divided in five cells, whereas the other
two bands wi and ws in two cells. On the other hand, the horizontal band /4 is divided in four cells,
whereas the /3 and /4 in two cells.

The partition grid, which depends on the 3D shape of each person, will be then used to collect color
information at specific spatial positions, determined in agreement with the SSP of the person under

testing.

3.3 Appearance statistics and signature computation

As previously stated, the partition grid divides the projection of the person point cloud onto the XY-
plane in PxQ rectangular cells. The elements of the point clouds are collected in separate areas,
whose position depends on the SSP of the person to be identified. Each bin is then investigated to
obtain color-based descriptors.

Signatures are computed by transforming the RGB color space into another one with improved
properties. In fact, in many computer vision applications, color plays an important role when some
relevant features or information have to be extracted. As a matter of fact, some color spaces are
formulated to aid the human understanding, whereas others are devised to help machines in data
processing. Among the latter, the CIE L*a*b* color space is highly suitable for image processing
algorithms because of his significant properties [44]. Specifically, this color representation
approximates the human vision and his perception of lightness, providing uniform distribution of
colors [45]. The Euclidean distance between two colors in the CIE L*a*b* model approximates the
color difference that human eyes perceive. In this way, color variations are better discerned by
using this mathematical model unlike other traditional ones (e.g. RGB, HSV). Consequently, more
discriminative signatures can be extracted involving better re-identifications.

Hence, the RGB color information of a 3D point is converted in the corresponding CIE Lab one. As
known, the L* represents the luminance channel, whereas a* and b* channels stand for the color

opponents green-red and blue-yellow of all perceivable colors. The L* channel has a definition
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range of [0, 100] of unsigned real values. Conversely, a* and b* channels are defined in the range [-
128,127] of signed real values.

In the proposed method, the luminance channel is not considered in the computation of the
signature, since it does not contain information useful for person re-identification. Most of the
information carried by the luminance channel is actually related to the lighting conditions of the
environment, which can oscillate unavoidably whenever the scene is enlightened by artificial light
sources [46]. In this case, images can suffer from alterations of light levels, as effect of artificial
light wavering, which produces global changes of the luminance channel. On the contrary, a* and
b* channels contain the chromatic information, which is discriminative for the purpose of people re-
identification. Once the colors of 3D point cloud are transformed in the CIE L*a*b* space, and the
points of the input dataset are separated by the application of the partition grid, each cell is
investigated to compute a 2D color histogram as a function of the a* and b* channels. The position
of the bin centers of the histogram range by unit steps within the minimum and the maximum
values of the two channels. Consequently, the final number of bins of each histogram depends on

the color dynamics of the cell under investigation.

e = O
=

Z[ml o5

0 0.5
X [m]

Fig. 5: 2D histograms related to the analysis of two cells of the partition grid. The histogram bins of color channels a *

and b* are defined by the color dynamic of the cell under investigation.

For instance, cells with higher informative contents, i.e. chromatic contributions, produce

histograms of more bins with respect to cells which are almost monochromatic. Accordingly, empty
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cells lead to empty histograms. As an example, Fig. 5 shows two histograms collecting a* and b*
channels. It has been empirically observed that the first five peaks of the 2D histograms carry the
most contribution of the color dynamics within the cells. For this reason, each 2D histogram
obtained from the analysis of the cells is shortened in terms of five tuples (nm,am,bm), m = 1,...,5,
which describe the most recurrent values of a* and b*. These tuples are made of the positions
(am,bm) of the first five peaks of the 2D histogram and n., denotes the corresponding normalized
number of occurrence of a, and b, for the single cell under investigation. Fig. 6 shows how the
tuples of a generic i-th cell are arranged (red vector of 15 entries) to create the whole signature (blue
vector of PxQ elements) of the person under investigation. It is important to notice that tuples,

whose corresponding cells are empty, are all set to zero.

Color-based descriptor

nl | al | bl | n2| a2 | b2| n3| a3 | b3 | n4| a4 | b4 | n5| a5 | b5

R

cell | cell cell cell Person’s signatire
p 2 i | P g
. W 2 >
wl | w2 Wi 0 Weights’ vector

Fig. 6: The person descriptor is obtained by arranging the color statistics of each histogram into an array of 15xPxQ
elements. Each cell is weighted differently during the signature comparisons. The weights of each row of partition grid

are defined by opportunely sampling a Normal distribution function F~N(0,s).

Finally, it is worth highlighting that the person signature is compared with the others by using a
weighed Euclidean distance operator. Particularly, the color statistics of each cell of partition grid
are weighted differently during the comparisons (see Fig. 6 for more details). The cells which
mainly contain the body parts that move the more (arms and legs), are weighted less than the ones
representing the more “stationary” body parts (i.e. torso, hips, shoulders and so on). In this way, the
method is able to manage the body changes, thus still involving low distance values among

signatures related to the same person, regardless its pose.

3.4 Reference DataBase re-projection
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As previously stated, the person signature has to be compared with all the other signatures from a
known database of users. These signatures are determined by exploiting the knowledge of the SSP
of the subject under investigation.

In general, re-identification assigns the person under analysis to a class of a labelled database,
which includes N,sers possible classes. For each c-th class (¢ = 1,...,Nusers) the database contains N pe
point clouds of the same known user. Once the partition grid of the subject under analysis has been
constructed, it is used to re-project the signatures of all the point clouds of the Nysers classes of the
database. The resulting signatures belonging to the same class are then averaged in order to
determine Nusers mean signatures, one for each class. Finally, the signature of the person under
testing and the mean signatures of the Nysers classes are compared in terms of weighed Euclidean
distance. These values provide the affinity of the user under analysis with respect to the Nusers
classes of the dataset. The minimum distance refers to the best matching of signatures, i.e. it

provides the best assignment of the input person to the most likely class.

The novelty of the method is that the signatures of all the users of the reference database are
projected on the basis of the same partition grid, i.e. the one already built for the extraction of the
signature of the person to be identified. Notice that this partition grid depends on the SSP of the
person under testing and, thus, it is strictly correlated to its body shape and size. In this way, when
the 2D histogram analysis is applied, the color information is collected from corresponding areas in
space, thus increasing discrimination between subjects of different shape. Fig. 7 better explains this
concept: the partition grid of the subject to be identified is overlapped on the aligned point cloud of
another person having different shape. In the case of Fig. 7, it is straightforward to observe that
corresponding cells of the grid collect different portions of the two point clouds. As an example, the
cells highlighted in Fig. 7 can include some portions of the point clouds or can be completely
empty. These peculiarities lead to different color-based descriptors. Consequently, it is highly
expected that people wearing clothes of similar colors, but having different shape (as in the example

of Fig. 7), will be better differentiated during the matching step.
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Fig. 7. Example of application of the same partition grid on people having different SSP.

4. Results and Discussions

This section reports the experiments and the corresponding outcomes of the proposed approach.
Specifically, its effectiveness has been proven by evaluating the recognition performance on three
different datasets: the BIWI RGBD-ID, the KinectREID and the RGBD-ID. These datasets meet the
requirements needed for applying the proposed approach, since they provide both color point clouds
and subject skeletons. All data are acquired simultaneously from the same typology of RGB-D
sensors, placed at specific positions of the testing environments.

The BIWI RGBD-ID dataset consists of 50 subjects, captured by the Kinect v2 sensor. Video
sequences are separated in training and testing videos. Since this dataset is targeted to long-term re-
identification, testing sequences contain 28 subjects of the training one, but wearing different
clothes. Since the algorithm works with color-based descriptors, testing sequences are not suitable.
For this reason only the training data has been used for people re-identification.

On the contrary, the KinectREID and the RGBD-ID were acquired by using Kinect v1 sensors. The
former contains video sequences of 71 subjects framed by considering three different viewpoints
and variable light conditions, whereas the latter consists of 79 individuals acquired in two different
indoor environments. Also in this case, very few sequences of the RGBD-ID dataset, where the
people change their clothes, have been discarded from the computation. A total number of 769

video sequences of the RGBD-ID dataset have been considered.
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The proposed method has been developed in Mathworks Matlab (R2015a 64-bit) [47]. All
numerical tests have been run on a 8-GB-RAM system equipped by an Intel(R) Core™ i5-3470
CPU having clock frequency of 3.20 GHz, running a Microsoft Windows 7 Professional 64-bit

operating system.

4.1 Preliminary processing of input data
As stated in the previous section, preliminary processing is mandatory before the application of the
proposed method, in order to clean the RGB-D datasets. For this reason, all the datasets considered
within this paper have been processed using standard methods suited for the specific inputs.
In particular, two different sources of error can alter the input images:

¢ Random image noise on color data, such as Gaussian noise, salt-and-pepper noise and shot

noise;
e Missed alignment between the color image and the corresponding depth map, which can
also differ in resolution. This source of error only affects the BIWI RGBD-ID dataset.

In order to get an improvement of the image quality, undesirable noise effects on the RGB image
are treated by means of standard median filters [48], having a structuring element of size 3x3.
Afterwards, the color input data is further improved by means of a contrast-limited adaptive
histogram equalization [49].
On the other hand, image registration has been applied in order to obtain the exact superposition of
color and depth data in the case they do not match, as for the BIWI RGBD-ID dataset. This target is
achieved by stretching the color image on the depth map using an affine transformation matrix,
whose entries are determined during a preliminary calibration.
It is worth noticing that both pre-processing are empirically tuned on the specification of each
dataset which will be considered for the next evaluations. As an example, Fig. 8 reports the
application of this preprocessing phase on the input RGB image (Fig. 8(a)), which is filtered and
equalized (Fig. 8(b)). In addition, a result of the registration of color and depth images are shown in

Figs. 8(c-d), which report the application of a user mask, resulting from depth data, on the RGB

18



1  image, before and after the application of the affine transformation. The images in Fig. 8 are taken

2 from the BIWI RGBD-ID dataset.

Fig. 8: First row: (a) Input image and (b) the corresponding one after the application of the median filter and the

equalization step. Second row: Segmented color image before (c) and after (d) the affine transformation.

3 Finally, depth samples belonging to each subject are used to produce the 3D point cloud of the
4  person under testing. Depth samples contain information about the distances between the surfaces
5  of the targets which constitute the scene while the sensor performs the 3D model. Point clouds are
6  obtained by treating this data via a pin-hole camera model, able to convert distances in 3D points in
7  the world reference system (X,Y,Z) [50]. The resulting point cloud, corresponding to the data of

8  Fig. 8, is shown in Fig. 9 with the line segments that represent the detected skeleton.

Y [m]

4 4 S
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Fig. 9. Colored point cloud obtained by the application of the pin-hole model on the depth map.
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4.2 Experimental analysis of public datasets

The next two sub-sections will discuss the results of the application of this method on the BIWI
RGBD-ID, the KinectREID and RGBD-ID datasets. In particular, the BIWI RGBD-ID dataset will
be used for testing the method on high-resolution data. On the other hand, the remaining datasets,
KinectREID and the RGBD-ID will be used for providing comparisons with the current state of the

art about people re-identification.

4.2.1 Tests on the BIWI RGBD-ID dataset

In the BIWI RGBD-ID, each person performs collaborative movements: two frontal walks towards
the camera, one walk away from the acquisition system and several head movements and rotation
actions. Following the initial hypothesis below the method, which states that re-identification is
performed between point clouds acquired in short time, people are expected to be framed showing
similar appearance or, equivalently, the same side of the body. For the sake of simplicity, BIWI
RGBD-ID dataset has been pruned to discard people framed from their back. This result has been
obtained by taking advantage of a face recognition algorithm [51].

Within the BIWI RGBD-ID, 11780 instances of Nusers = 50 people have been selected. The dataset
has been further divided in two subsets: the former (source set) is made of the users to be re-
identified; the latter (reference set) encloses the point clouds of the labelled users. These subsets are
defined by using a k-fold cross-validation partitioning [52], where £ has been set to 10. For each
iteration, about 10% of the instances populates the reference set, whereas all the remaining ones
define the source set. Notice that the entries of the source and reference sets change at any iteration
of the k-fold cross-validation partitioning. Given the SSP and the partition grid of the specific user
under analysis, extracted from the source set, the method builds all the signatures of the reference
set. Thus, these signatures are averaged to create a set of 50 mean signatures referred to each class
of users. Once again, these mean signatures are peculiar of the specific user considered from the

source set.
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1 Tab. 1 reports the overall recognition scores referred to all the iterations. As reported in the table 1,

2 the total average score is equal to 97.84%.

Tab. 1: Recognition rates obtained applying the proposed method on BIWI RGBD-ID database for each iteration of &-

fold cross-validation partitioning. The forth iteration presents the lowest recognition rate in comparison with the others.

# k-fold iteration | Recognition rate [%]
1 98.31
2 98.10
3 97.63
4 97.44
5 97.50
6 97.99
7 98.04
8 97.77
9 97.68
10 97.92
Total average score 97.84

3 As reported in Tab. 1, the 4" iteration of the k-fold cross-validation partitioning gives the worst
4 results in terms of recognition rate. Thus, the performance of the proposed re-identification
5  algorithm, assessed by means of appropriate metrics, such as ROCs (Receiver Operating
6  Characteristics), CMCs (Cumulative Matching Characteristics), confusion matrices and other

7  statistical measures, will refer to this iteration.
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Fig. 10: (a) Aligned point cloud and evenly-spaced grid; (b) Not-aligned point cloud and unevenly-spaced grid; (c) Not-

aligned point cloud and evenly-spaced grid.

8  The proposed method aligns the people pose and uses the unevenly-spaced partition grid. In the

9  next experiments, three additional cases will be considered and the relative results will be shown. In
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particular, they refer to the combined use of aligned and not aligned point clouds with evenly and
unevenly spaced partition grid. Fig. 10 shows these cases: Fig. 10(a) reports an evenly-spaced
partition grid over the aligned point cloud of a subject; Figs. 10(b-c) show the point cloud, without

preliminary alignment, sampled using both the unevenly-spaced grid and the evenly-spaced grid,

respectively.
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Fig. 11: (a) Cumulative matching characteristics and (b) average ranking histograms. The proposed method APC-USG
(red curve) presents the best recognition performance in comparison with other cases.

Fig. 11(a) shows the CMC curves obtained in the considered cases. It is worth noticing that
applying the proposed method (Aligned Point Cloud-Unevenly Spaced grid, or APC-USG), the
rank-1 recognition rate reaches 97.44%, which is about 3.2% above to the rate of the Aligned Point
Cloud-Evenly Spaced Grid case (APC-ESG). In case of no alignment, the performance further
deteriorates in both cases of evenly- and unevenly-spaced grid. The rank-1 recognition scores are

indeed, 87.94% and 85.71%, respectively.
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Tab. 2 summarizes the statistics related to the CMC curves of Fig. 11(a). It also presents the values
of normalized Area Under Curves (nAUC), which describes the area under the CMC curves divided
by the total area of the ideal CMC curve, and of the rank-100%, which determines the lowest rank

value at which the CMC curve reaches the 100%.

Tab. 2: Statistics for each CMC curve of Fig. 11(a).

Method Rank-1 [%] nAUC [%] Rank-100%
APC-USG (proposed) 97.44 99.90 17
APC-ESG 94.23 99.71 44
NAPC-USG 85.71 98.66 34
NAPC-ESG 87.94 99.18 47

Fig. 11(b) reports the average ranking histograms, which specifies the average rank needed to
identify a person correctly. It allows to investigate how the performance changes for each person of
the dataset. As can be observed from the histograms, the APC-USG method shows the best mean
ranks. In this regard, only person #13 is properly recognized at rank 2. This is due to the highly
comparable appearance of subjects #13 and #35, who dress similar clothes. Nevertheless, the very
low average ranks obtained for all people prove that the proposed method (4PC-USG) is very
effective and robust for person re-identification. Moreover the presented comparisons with respect
to the other considered cases confirm once more that the alignment of point cloud and the non-
equally spaced partitioning of the grid are very successful.

The performance of the proposed method are further shown in Fig. 12, where the confusion matrix
related to APC-USG method and the ROC curves are presented. As shown in Fig. 12(a), most of the
counts are located on the diagonal, which is much brighter than the other locations. In the proposed
case, the confusion matrix indicates that only few predicted IDs have been incorrectly associated.
Specifically, the highest count among the incorrect matches is found equal to 23 (see the red ellipse
in Fig. 12(a)), which is negligible in comparison with the total number of items of the source set
(10602 items). The ROC curves for all the previously described cases are shown in Fig. 12(b). They

are obtained by plotting the true positive rate (TPR) against to the false positive rate (FPR).
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1 It is possible to notice that the ROC curve (red line in Fig. 12(b)) of the presented method (4PC-
2 USG) is very close to an ideal curve, proving once more the reliability of this approach. Conversely,

3 the other cases provide ROC curves always worse than the APC-USG one.
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Fig. 12: (a) Confusion matrix (4PC-USG method) and (b) Receiver Operating Characteristics of the different

considered cases. The red ellipse in (a) indicates the couple of users that have been mainly mismatched.

4  For the sake of completeness, an example of re-identification error is shown in Fig. 13, with the
5  RGB images of two mismatched people #15 and #35 (highlighted with a black ellipse in Fig. 12(a)).
6  These two people wear similar clothes and have an almost comparable shape. These aspects might
7  affect negatively the proposed algorithm. However, these erroneous recognitions occur rarely, as

8  widely proven in the confusion matrix of Fig. 12(a).

Actual person #35 Predicted person #15

Fig. 13: Example of a re-identification error corresponding to the black ellipse in Fig. 12(a). .
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Further tests have been performed in order to investigate other typologies of features for building
the person signatures. In details, the main curvatures referred to the 3D points belonging to a single
cell of partition grid have been extracted. By exploiting a part of the method presented in [53,54],
the curvature vector for a cell under analysis, which collects the Gaussian and the mean curvatures,
has been computed and then stitched to the color-based descriptor. Nevertheless, the addition of
curvature information to the color one, has not brought any relevant advantage during the re-
identification steps, leading even to worse results. A decrease of recognition score of about 17% has
been observed with respect to the results reported in Tab. (2).

Similarly, the deep features have been also taken into account. The power of Deep Learning (DL) in
computer vision applications is undoubted. The ability of extracting the best descriptive features for
accomplishing a specific task, makes DL very powerful. Nevertheless, additional experiments based
on deep feature extraction have proven the outperformance of our approach although of a small
margin (about 5%).

Additional experiments have been run in order to further demonstrate the capability of the proposed
approach in managing new entering users, who have not been already recognized or labeled.

As aforementioned, when the signature of a person to be recognized is compared with the reference
database, a sorted list of users is given back. The first item of such a list indicates the most similar
user among the labeled ones whereas, the last element points out the least similar one. The list is
sorted according to the Euclidean distance values returned back after the signature comparison step.

Under this assumption, the entrance of a new user, who has not been previously recognized, can
lead to high distance values during the comparisons. Consequently, the introduction of an
opportunely tuned threshold enables to assert if the user under investigation is a new one or not. In
this regard, in case the distance value is over the determined threshold, a new class has to be
introduced into the reference database. On the contrary, the signature of the recognized user is

averaged with the one related to the person under analysis.
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In the absence of an available open dataset, we have performed the tests using the BIWI RGBD ID
dataset. In details, 5 users have been randomly removed from the reference set. Consequently, the
reference database has been built by using the other remaining 45 users. We have considered all the
source set related to the 50 users to validate the method. After a tuning step of threshold value, it
has been possible to observe that in very limited cases a new user has been identified as an already
cataloged one. In fact, the probability of recognizing the new users is found equal to 99.63%. In
addition, an average recognition score of about 94% is further achieved as soon as the new users are
investigated and inserted as new classes. The choice of the threshold value depends on the similarity
between the new users and the other elements contained in the database, and represents a tradeoff
between the ability of discerning new entrance and the possibility of generate false new candidates

with people already observed.

4.2.2 Tests on the KinectREID and RGBD-ID datasets

Other experiments have been performed on the KinectREID and the RGBD-ID datasets. In this
case, back-view images of people are not discarded from the database in order to compare the
proposed approach with the method presented in [29].

In Fig. 14 the CMC curves of the methods presented in [29] are shown together with those of the
proposed one. In this case a k-fold cross-validation partitioning with £ = 4 has been set. Only the
CMC curves related to the worst recognition score among the four iterations are reported in Fig. 14.
As observable, the proposed approach (APC-USG) outperforms the other methods on the
KinectREID dataset by considering the first ranks. A rank-1 recognition rate of 61.41% is achieved
by the APC-USG: it improves the MCMimpl®Smultimodal results of about 11% at rank-1.

The recognition performance on the RGBD-ID dataset is reported in Fig. 14(b). Similarly to the
previous case, the APC-USG performs well in comparison with other methods. In this regard, better
recognition rates are obtained, especially at the first ranks (from rank-1 to rank-7) which are the
most relevant for re-identification tasks. The rank-1 rate of APC-USG is equal to 89.34%, against to

the 73.85% of MCMimpI®®multimodal. An improvement of about 15% is achieved. The
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SDALFPSmultimodal and eBiCov?"Smultimodal perform much worse by considering the first six

ranks. Further statistics of CMC curves on both datasets are summarized in Tab. 3.

As reported in the Tab. 3, the proposed method shows the best recognition metrics with respect to
other algorithms (see the bold values), except for the rank-100% on the KinectREID dataset. In
details, the APC-USG needs 52 ranks for ensuring the 100% of recognition, whereas the
MCMimpIP®multimodal requires less ranks (43 ranks). Nevertheless, this aspect is negligible since
the first ranks are the most significant for people re-identification. Moreover, the proposed approach
further improves the nAUC values of about 4% and 1% for the KinectREID and the RGBD-ID
dataset, respectively, with reference to the best results attainable with the other methods under

analysis.
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Fig. 14: CMC curves related to (a) the KinectREID and (b) the RGBD-ID datasets. The superscript DIS in the legend,

refers to the MCD (Multiple Component Dissimilarity) descriptor described in [29].

The recognition rates related to the BIWI RGBD-ID dataset are much higher than the scores
obtained analyzing the other datasets considered in this subsection. This is due to the different
RGB-D cameras used to create the datasets. Specifically, the KinectREID and RGBD-ID datasets
are built by using the Microsoft Kinect v1, based on structured-light projection, whereas the BIWI
RGBD-ID dataset is built by using the Microsoft Kinect v2, which is based on time-of-flight
technology [55]. The latter camera ensures more accurate measurements than the former in terms of
depth and image resolution. As expected, better camera performance can produce more accurate
input point clouds of increasing sizes (i.e. number of samples). This clearly enables the best
recognition rates of the BIWI RGBD-ID dataset with respect to the others. Furthermore, different
viewpoints and variable ambient light conditions are taken into account in the KinectREID and
RGBD-ID datasets, which also consider the back views of the subjects under evaluation. It further

downs the recognition rates with respect to the BIWI RGBD-ID one.

Tab. 3: Statistics for each CMC curve reported in Fig. 14. Bold values are the best for each column.

KinectREID dataset RGBD-ID dataset
Method Rank-1 nAUC Rank- Rank-1 nAUC Rank-
[%] [%] 100% [%%] [%] 100%
APC-USG (proposed) 61.41 96.99 52 89.34 99.49 22
SDALFPSmultimodal 40.37 91.08 46 55.38 97.91 44
eBiCovPSmultimodal 41.81 91.10 47 47.56 97.32 41
MCMimpPSmultimodal | 50.37 92.97 43 73.85 98.32 39

For the sake of completeness, we report also the outcomes related to [35], where the deep learning
approach has been explored for the people re-identification. The Multi-Modal Uniform Deep
Lerning (MMUDL) method shows very outstanding recognition rates. Specifically, on the reduced
RGBD-ID dataset, it achieves the 100% of recognition at first rank whereas, it reaches the 97.0 %
on the KinectREID dataset. Instead when the complete RGBD-ID dataset is considered, the re-
identification rate decreases to 76.7%.

By comparing these outcomes with ours, one can notice that the MMUDP outperforms our

approach. However, as before mentioned in the discussion of related works, the MMUDP suffers to
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manage new situations. In this regard, the CNN extract features that strictly depend on the set of
images on which have been trained. When a new camera or a different point of view is considered,
the CNN needs to be retrained. On the contrary, our method does not require any learning steps or
ad-hoc tuning, and it manages all the new situations in the same way of old ones, still ensuring good
recognition rates.

A final consideration regards the whole processing time of the propose method. The average time
spent for analyzing the data referred to one person of the source set is found equal to about 162 ms.
This value includes the needed time for the data loading (about 35 ms), the preliminary data
processing (about 42 ms) and the extraction of person signature (about 85 ms). The re-projections of
the person signatures in the DB require about 150 s by considering 1000 instances in the database.
By implementing the code on general-purpose programming languages (e.g. C, C++, C# etc.) and
by using the parallel computing, it is possible to reduce dramatically the required processing time

thus enabling the real-time usage of the method even with larger database.

5. Conclusions

In this paper an accurate method for people re-identification has been presented. Input data,
returned by RGB-D cameras, are used to compute a color-based descriptor for the subjects under
investigation, by taking advantage of the formulation of a skeleton standard posture.

After a preliminary step of point cloud preprocessing, 3D point clouds are aligned exploiting the
skeletal information. Then, the skeleton joints of the SSP are used to define a partition grid having
cells of different sizes. This grid properly divides the color point cloud in several cells. Each cell is
then investigated to extract statistical information about the color distribution. This information is
then arranged into a one-dimensional array, which constitutes the person signature of the user under
analysis. The same partition grid of the person to be identified is used for re-projecting the reference
signatures of the labelled people of a known database. Final comparisons in the signature space

allow for the labelling of the person under analysis to a specific ID.
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The validity of presented method in terms of recognition rate has been proven by performing
different experiments on three publicly available datasets. Recognition rates of 97.84% (subset of
BIWI RGBD-ID), 61.97% (KinectREID) and 89.71% (RGBD-ID) have been obtained by applying
the proposed method, demonstrating its outperformance with respect to the current state-of-the-art.

Future activities will involve the evaluation of more challenging datasets, wherein occlusions and
overcrowding problems may occur. Also the use of heterogeneous sensors, based on different
technologies, will be subject of further investigations. Additional features based on edges, shapes
and textural information will be further analyzed in order to explore new promising research

directions.
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