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Abstract— In this paper we propose a novel methodology for
people re-identification based on skeletal information. Features
are evaluated on the skeleton joints and a highly distinctive and
compact feature-based signature is generated for each user by
concatenating descriptors of all visible joints. We compared
a number of state-of-the-art 2D and 3D feature descriptors
to be used with our signature on two newly acquired public
datasets for people re-identification with RGB-D sensors. More-
over, we tested our approach against the best re-identification
methods in the literature and on a widely used public video
surveillance dataset. Our approach proved to be robust to
strong illumination changes and occlusions. It achieved very
high performance also on low resolution images, overcoming
state-of-the-art methods in terms of recognition accuracy and
efficiency. These features make our approach particularly suited
for mobile robotics.

I. INTRODUCTION

People re-identification is the capability of associating
a new observation of a person to others made in the
past. Distinguishing the different persons that are in the
environment is a high-level capability that is crucial in
several fields including service robotics, intelligent video
surveillance systems and smart environments. Strong efforts
have been spent by the research community to improve
performance and reliability of re-identification algorithms,
and several different techniques have been developed.

People re-identification in images is addressed observing
three main characteristics: color, texture and shape, either
considered singularly or mixed together. Color undergoes
clear changes from person to person, and is usually measured
by means of global or partial histograms. A color-based
state-of-the-art approach divides the body of each target
into smaller parts and evaluates multiple histograms, one for
each part [1], [2]. This method is simple and effective, but
suffers from two main flaws: it fails upon strong illumination
changes, and it is a global (or semi-global) method that is
not able to describe the target in detail.

Texture-based and shape-based approaches usually make
use of local features: they exploit descriptors evaluated on a
set of keypoints to generate the signature of a target. Perfor-
mance are therefore strongly related to the characteristics of
the set of descriptors selected, including the capability of the
keypoint detector to select stable features. This approach is
widely used in the literature [3], [4], [5] thanks to its superior
capability of providing a detailed description of each target;
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Fig. 1. An overview of our approach to re-identification. Feature descriptors
are computed around human skeleton joints, which serve as keypoints. These
descriptors are then concatenated to obtain the whole person signature.

moreover, it overcomes the two main drawbacks of the color-
based approach previously discussed. Such approach has also
been used together with histograms [6].

Very recently, computer vision for robotics was revolu-
tionized by the introduction of affordable high-resolution
three-dimensional sensors, that generate color point clouds
instead of images. This had a strong impact on a num-
ber of applications, including people re-identification: for
example, approaches based on three-dimensional features
were developed. This new type of features might include
information about both color and shape, which can provide
superior performance over standard 2D features; however,
noise affecting the location of the point cloud elements
is usually not negligible for low-cost sensors like the Mi-
crosoft Kinect: in this case, shape descriptors can provide
performance worse than expected, thus global approaches
are usually preferred [7], [8], [9].

In this paper we present a novel three-dimensional feature-
based re-identification system capable of providing superior
performance while preserving computational efficiency, that
is crucial for real-time applications. Our approach is par-
ticularly suited for robotics applications, that have strong
requirements on computational load and processing time.
Moreover, it makes use of a sensor that is often available



on robotic platforms, and is already used by a large number
of people in the research community. We demonstrate that
our system is able to exploit the high amount of information
provided by RGB-D sensors to achieve better performance
with respect to other state-of-the-art approaches.

As discussed above, several feature-based approaches pre-
sented in the literature compute the signature of a target by
finding keypoints and evaluating the features, either on 2D
or 3D data, which is a general-purpose technique that works
for any type of target. Differently, we base our approach
on the assumption that the target is a human, whose body
has a well-known structure. Building on such hypothesis, we
exploit a skeletal tracker to evaluate the body pose, and use
this information to guide the keypoint selection, as shown
in Fig. 1, and compute the proposed Skeleton-based Person
Signature (SPS).

A small number of points are found at specific body
positions: head, neck, shoulders, elbows, hands, ankles,
knees, feet. Only 15 or 201 keypoints need to be evaluated
and compared for every target: this dramatically reduces
the computational load and the amount of memory for
storing target models. The small number of keypoints is
compensated by their high stability: since their positions
come from a high-level knowledge of the target shape, their
variance is extremely low compared to the typical values
achievable with low-level keypoint detectors.

We thoroughly studied and tested our novel skeleton-
based approach. Several state-of-the-art 2D and 3D features
were considered, leading to a mixed 3D-2D approach, which
provides the best performance: the skeleton is evaluated from
3D data, while the signature is obtained from 2D descriptors.
The presented system is meant to provide the best perfor-
mance on high-resolution RGB-D data; however, benchmark
datasets available for testing re-identification algorithms are
often made of low-resolution 2D images. We collected the
IAS-Lab RGBD-ID dataset, a novel dataset for testing our
approach, acquired using a Microsoft Kinect installed on a
robot, so that people are seen from the typical perspective
used in robotics applications. This dataset highlights the
system performance in the targeted working conditions. We
also performed further experiments to validate our algorithms
with respect to previous approaches in the literature: to do
so, we chose the CAVIAR4REID video-surveillance dataset,
that is widely used. Since our approach is based on a
skeletal tracker, we added the joints to the dataset, applied
our method, and compared our approach to others in the
literature, showing it advances the state-of-the-art also in this
case. As a further contribution to the research community,
we released both the new dataset and the skeletal joints of
the CAVIAR4REID dataset.

Our re-identification approach was designed to be accurate
and fast at the same time: for this reason, it is suitable for
being included in real-time people tracking systems used
in robotics, offering a superior performance with respect

1Depending on how many joints are estimated by the skeletal tracking
algorithm.

to appearance classifiers commonly exploited in tracking
systems.

The paper is organized as follows: in Sec. II the re-
identification system based on our novel approach is pre-
sented in its main components: skeletal tracker (Sec. II-
A), exploited features (Sec. II-B) and methods for matching
targets (Sec. II-C). In Sec. III, experiments run for assessing
the performance and comparing our approach to the state-of-
the-art are discussed. In Sec. IV, some final remarks about
the presented systems are reported.

II. SYSTEM OVERVIEW

The proposed approach to re-identification characterizes
each target based on several feature vectors, evaluated on a
set of keypoints. We call keypoints the salient points taken
as reference to characterize the target, i.e. the locations
where the target is observed. A descriptor is a vector that
describes the characteristics (like color, shapes, etc.) of
a keypoint neighborhood, and is the output of a feature
extraction algorithm. The number and type of characteristics
taken into account, as well as the size of the neighborhood,
depend on the specific feature. Finally, the signature is the
data that describes the whole target, normally obtained by
concatenating all descriptors in an organized way.

The two main components of our approach are the skeletal
tracker, that determines the keypoint location, and the type of
feature chosen for characterizing them. Both elements have a
strong impact on the re-identification performance, and have
been deeply studied in this work.

A. Skeletal Tracker

The stability of the keypoints is extremely important to
obtain similar descriptors in different observations of the
same target, thus ensuring a reliable re-identification. Dealing
with human people is very different than working with ob-
jects, since the human body is very flexible and deformable,
and usually presents a number of different texture and shape
patterns on the different body parts.

To properly describe the body shape and pose we adopted
a skeletal tracker, that is an algorithm capable of understand-
ing how the human body is placed; its output is a set of
points, called joints, that represent a small subset of the real
joints of a body.

In our work we exploited two skeletal trackers, that are the
most commonly used in computer vision and robotics: one is
provided by Microsoft as a complement to its Kinect sensor
and will be called KST (Kinect Skeletal Tracker) [10]; the
other is included in the OpenNI SDK2, is implemented inside
the Nite Middleware3 and will be called NST (Nite Skeletal
Tracker). Both trackers work on 3D data, which ensures
an accurate description of the body shape and superior
performance over the 2D-based approaches.

The KST tracks 20 joints of the human body at 30 fps.
It allows to obtain a precise estimation from a single depth
image, but it assumes that people are facing the camera, thus

2http://www.openni.org.
3http://www.openni.org/files/nite/.



the skeleton is flipped left-right if the person is seen from the
back side. Instead, the NST tracks 15 joints (no hands and
feet) and exploits the information from multiple frames to
improve the tracking performance. Unlike KST, it allows to
track skeletons also for people seen from the back side and
it can be used with the Robot Operating System (ROS) [11].

Depending on the quality of the segmented target and the
level of occlusion, the skeletal trackers might not detect all
the joints: in this case, some of them are marked as non
tracked, meaning their location is not reliable, but they are
anyway part of the whole skeleton. This situation is rather
common for both skeletal trackers, even though they show a
different behavior in such case: from our experience, while
KST provides reasonable skeletons also when some joints are
not tracked, NST often poorly estimates the whole skeleton
when some joints are not visible. KST provides bad skeleton
estimations mainly when the person is partially occluded or
out of the image to the right or left side, or it is farther than
3.5 m from the sensor. In Fig. 2 we report two examples of
these situations together with a case of good estimation.

(a) Frontal (b) Out of the image (c) Too far

Fig. 2. Example of good skeleton estimation (a) and two situations in which
KST estimates wrong skeletons, caused by the target being only partially
visible (b) or too far from the sensor (c).

B. Descriptor Evaluation

Once keypoints have been located by the skeletal tracker,
features are exploited to characterize their appearance in
terms of texture, color and three-dimensional shape. Features
considered in this work were taken from the most recent
literature in the fields of robotics and computer vision; both
2D and 3D variants were considered, because they offer
advantages and disadvantages. Our system therefore relies
on 3D information for the evaluation of the body pose,
and either on 2D or 3D data for evaluating descriptors
and generate the signature. The sensor exploited for the
experiments provides both 2D images and 3D point clouds
of the scene. Calibration data is also available, which can be
used for mapping correspondences between given locations
of the point cloud on the 2D image. This knowledge is
exploited to enable the use of 2D features on 3D keypoints.

Generally speaking, 3D features are often more com-
putationally expensive to evaluate and noisy, because the
additional noise source affecting the point position in a
point cloud is not negligible when low-cost sensors like
the Microsoft Kinect are exploited for acquisition. On the
other hand, 3D features are obviously highly descriptive and
provide richer information. For a more detailed discussion
we refer to the literature presenting keypoint and feature
detectors that is reported later in this section.

Dealing with features, the radius on which they are eval-
uated is an important parameter that has a strong impact
on the performance. For 3D features, such radius R is a
metric value which can be chosen once and kept constant,
while in the image domain the feature radius r is measured
in pixels and cannot be fixed because the size of a person
in the image varies depending on its 3D position. A great
advantage offered by our 3D-based approach is the capability
of relating r expressed in pixels to R expressed in world
coordinates and fixed for all targets in all views: this sensibly
enhances the feature stability, because the same volume is
always considered for evaluating the features. This is possible
because the relationship between the two radii r and R can
be expressed by:

r = f × R

z
, (1)

where z is the distance of the target to the sensor plane and
f is the sensor focal length.

The implementations chosen for evaluating the features
discussed in the following are the standard ones provided by
the widely diffused OpenCV [12] and PCL [13] libraries,
using default parameters when available. 2D descriptors
used for our tests are: SIFT [14], SURF [15], BRIEF [16],
ORB [17] and FREAK [18]. Among the 3D features,
the following ones were chosen for testing our approach:
PFH [19] and its variation including color information, called
PFHRGB; FPFH [20], SHOT [21], SHOTRGB [22].

The features we employed for re-identification are widely
used in the robotics field, but are targeted to rigid objects.
Instead the human body is deformable: this is considered
in our approach by means of the skeletal tracker, but the
feature vector evaluation process considers each joint as a
part of a rigid object. This approximation is reasonable for
targets acquired at low or medium resolution, and leads to
good results. Warping the target point cloud to a standard
pose [23] could further improve the re-identification results.

C. Matching Methods

The re-identification task is achieved by comparing the
signatures of each target found in the test frame with those
found in the training frames; the best-matching one is finally
selected. We propose two ways of considering the skeleton
joints in the matching phase: one considers tracked joints
only, the other all of them.

1) Tracked Joints Matching Method: The first proposed
method works by matching the reliable joints only, i.e.
those that are in the tracked state in the test frame, and is
therefore named TJ (Tracked Joints). This method achieves
high performance (as it will be discussed in Sec. III) because
it relies on visible and stable joints only. Additionally, this
method deals with almost all frames in each dataset, because
it does not require the complete skeleton to process a frame,
but rather, is able to select the part that has been reliably
detected. The only exception occurs when the target is
partially outside the field of view, because the whole skeleton
is poorly detected.



2) All Joints Matching Method: The second approach is
called AJ (All Joints) because it considers also the unstable
keypoints – recall that all of them are always located by
both skeletal trackers considered in this work. The perfor-
mance of this approach is lower with respect to TJ because
unreliable keypoints are considered in the matching. This
approach is nevertheless proposed to test our system on the
CAVIAR4REID dataset, in which training and testing frames
are often acquired from different viewpoints. This represents
a special case, because some joints that are detected in the
test frames are never seen in the training set, and would
therefore never be matched, thus reducing the number of
joints actually usable: the AJ matching method is therefore
used for recovering this situation.

When the AJ matching is used, an additional operation
is performed. If a joint is not tracked, its descriptor is
replaced with the descriptor computed at its symmetric joint,
if this one is tracked. This change relies on the assumption
that descriptors at symmetric joints are similar, thus this
replacement can increase the recognition performance. For
instance, if the right hand is not tracked while the left hand
is tracked, the descriptor around the left hand is used in
place of that of the right hand. This obviously applies to all
symmetric joint couples.

D. Skeleton-based Person Signature

The signature we propose for describing a target is called
Skeleton-based Person Signature (SPS). It is built according
to the matching method adopted, therefore two versions of
the signature were developed: one evaluated only on the
tracked keypoints, the other on all of them. In the first case
we first define the feature tracking indicator for the i-th joint
Ji on the k-th target Tk as:

I (Ji, Tk) =

{
1 if i-th joint of frame k is tracked
0 otherwise

, (2)

where i ∈ [0, . . . , N − 1] and N is the number of joints
considered; note that KST and NST automatically provide
I (Ji, Tk). The signature on tracked joints SPSTJ of target
k is obtained as:

SPSTJ
k =

N−1⋃
i=0

{D (Ji, Tk) : I (Ji, Tk) = 1} , (3)

where D (Ji, Tk) is the descriptor obtained evaluating the se-
lected feature on the i-th joint for target k. Following (3), the
signature is therefore obtained concatenating the descriptors
of all tracked joints. The second version of the signature,
built considering all joints, is analogously defined by simply
omitting the feature tracking indicator:

SPSAJ
k =

N−1⋃
i=0

{D (Ji, Tk)} . (4)

E. Similarity metrics

The algorithms used at low level for comparing features
are the standard methods commonly used, and already avail-
able in the OpenCV and PCL libraries we exploited for

computing the features. In particular, two similarity metrics
are exploited at this stage, depending on the data type of the
feature descriptor, that can be composed either by real values,
or binary ones. In the first case, the Euclidean distance is
used, defined as:

dE (Ti, Tj) =

√√√√L−1∑
m=0

(SPSi(m)− SPSj(m)]
2
, (5)

where SPSi(m) is the m-th element of the signature, and
SPSi stands either for SPSTJ

i or SPSAJ
i , depending on the

type of signature to be considered; finally, L is the number of
descriptors available in the signature, that can be smaller than
the number of joints if SPSTJ

i is employed. The distance
evaluated in (5) depends on the specific feature employed,
but since only one type of feature is employed at a time,
values are coherent, and can be used for the re-identification
task.

In the second case, binary features provide descriptors that
are bitstrings, and we compare them using the Hamming
distance:

dH (Ti, Tj) =

L−1∑
m=0

[SPSi(m)− SPSj(m)]
2
. (6)

F. Single-frame vs Multi-frame Re-Identification

As discussed in the previous section, re-identification
means associating a target found in the current frame (test
set) with others observed in the past, or a set of pre-recorded
examples (training set). We already discussed how to classify
a new test frame by matching it with the training frames.

When multiple frames of a person are available in the
testing set, they can be jointly exploited to provide a more
robust classification. In [2], authors propose a multi-shot
modality which, for comparing M probe signatures of a
given subject against N gallery signatures of another one,
simply calculates all the possible M × N single-shot dis-
tances, and selects the smallest one. This approach does
not offer an efficient scalability over the number of frames.
The computational time grows over time since an increasing
number of frames are considered for finding the best match.

Since our purpose is to use our re-identification approach
in a real time scenario, we perform single-frame classifi-
cation and adopt a voting scheme that associates each test
sequence to the subject voted by the highest number of
frames. This approach merges single-frame results into a
sequence-wise result without adding further computational
costs and leading to considerable improvements (10-30%) in
the recognition rate, as we will see in Sec. III.

III. EXPERIMENTS

For validating the approach we described in Sec. II,
we performed a number of experiments on three different
datasets, to assess system performance on different working
conditions. We selected publically available datasets present-
ing different challenges related to the re-identification task. In



particular, the BIWI RGBD-ID dataset4 is targeted to people
re-identification from a robot point of view when the training
set is composed by many people.

The novel IAS-Lab RGBD-ID dataset5 presents strong
illumination changes because training and testing sets were
acquired in different rooms; finally, the CAVIAR4REID
dataset6 is made of very low resolution images and contains
occlusions, considerable pose changes between training and
testing set and a high number of people since it is targeted
to people re-identification in a video surveillance scenario.

For evaluation purposes, we compute Cumulative Match-
ing Characteristic (CMC) Curves [24], which are commonly
used for evaluating re-identification algorithms. For every
k from 1 to the number of training subjects, these curves
express the average person recognition rate computed when
considering a classification to be correct if the ground truth
person appears among the subjects who obtained the k
best classification scores. The typical evaluation parameters
for these curves are the rank-1 recognition rate and the
normalized Area Under Curve (nAUC), which is the integral
of the CMC. In this work, the recognition rates are separately
computed for every subject and then averaged to obtain the
final recognition rate.

A. Performance analysis on the BIWI RGBD-ID dataset

The BIWI RGBD-ID dataset was originally targeted to
long-term re-identification, thus people wear different clothes
in the training video with respect to their two testing se-
quences. For our purposes, we used only the sequences in
which people are wearing the same clothes. In particular,
for every person, we exploited the testing video where the
person is still as our training set and the testing video where
the person is walking as our testing set. Thus, our training
set was composed of 28 people and all the people in the
testing set were also present in the training set.

In Fig. 3(a), we report the CMCs we obtained on this
dataset with the SPSTJ

k signature computed exploiting the
five 2D descriptors we tested and exploiting the TJ matching
approach. The solid curves refer to a SPS which concatenates
descriptors at all the 20 skeleton keypoints, while the dashed
curves are obtained by removing from the signature the
keypoints at wrists, hands, ankles and feet, that are the joints
which are more often misplaced by the skeletal tracker. We
labeled this approach No Hands and Feet (NHF). As it can
be noticed, these two configurations lead to similar results,
with SIFT obtaining the best rank-1 (65.67%) and nAUC
(94.26%), followed in order by BRIEF, ORB and SURF.
Unlike the others, the FREAK descriptor led to random
results, with a nAUC around 50%, thus showing not to be
discriminative for the re-identification task. These results are
obtained performing re-identification on nearly all the frames

4http://robotics.dei.unipd.it/reid.
5http://robotics.dei.unipd.it/reid.
6http://www.lorisbazzani.info/code-datasets/

caviar4reid.

where a skeleton is provided7, with a number of tracked
joints ranging from 10 to 20 for the solid curves. A complete
analysis of the re-identification performance when varying
the number of tracked joints (and thus of skeleton keypoints)
is reported in Fig. 4. In particular, we report the rank-1 score
when performing re-identification on only those frames for
which at least J joints are tracked and when exactly J joints
are tracked. As expected, this score increases when exploiting
more skeleton keypoints in our SPS signature. However,
the more joints are requested for computing the signature,
the fewer frames are considered valid for performing re-
identification. For understanding the trade-off between rank-
1 and number of analyzed frames, in Fig. 4(b), we report the
percentage of valid frames vs the number of tracked joints for
our testing set from the BIWI RGBD-ID dataset. Moreover,
Fig. 4(c) shows the number of frames in which each skeleton
joint is tracked. It can be noticed that, if re-identification is
only performed when all the 20 joints are tracked, only 37%
of the frames with a skeleton are analyzed. That is the case
reported in Fig. 3(b), where we can notice that rank-1 scores
are considerably higher than when all frames are considered,
and of Fig. 3(c), where 3D descriptors are computed at
skeleton keypoints given by the NHF approach, because bad
keypoint localization at hands and feet could easily lead
to singularities in 3D descriptors. As expected, descriptors
only encoding 3D local shape (PFH, FPFH, SHOT) achieve
random performance, because of the strong noise affecting
point clouds when consumer depth sensors are employed.
Instead, descriptors encoding both shape and color achieve
good performance, even if lower than those obtained with 2D
descriptors. In particular, PFHRGB obtains the best rank-1
(48.49%) and nAUC (87.01%), while SHOTRGB stops at a
rank-1 of 23.01% and a nAUC of 81.14%.

In Fig. 3(d), we compare the best 2D (SIFT) and 3D
(PFHRGB) approaches of Fig. 4fig:BIWI(b) and (c) with
other methods widely used in literature. In order to val-
idate our choice of skeleton joints as keypoints, we also
reported the CMC obtained when selecting keypoints with
the standard SIFT keypoint detector and then matching the
SIFT descriptors for re-identification, as often done for object
recognition. It can be noticed how our approach to keypoint
selection allows to obtain a rank-1 20% higher while also
avoiding the feature matching step, which is the process of
finding corresponding features among training and testing
descriptors, thus saving a considerable amount of time, as
we will see in Sec. III-E.

We also compare these approaches to the use of color
histograms, which are highly used in people re-identification
literature [1], [2], matched with the Bhattacharyya distance
[25]. The best result is obtained by computing a global RGB
histogram on all points belonging to a target, while a lower
result is achieved when concatenating local RGB histograms
extracted from each body part. However, such performance is
still lower in terms of rank-1 score to our best SPS signature

7We only discard those frames where the person is partially out of the
image to the right or left or where the person is farther than 3.5 m because
the skeleton is poorly estimated in these conditions.



(a) 2D features - all frames (b) 2D features - fully tracked skele-
tons

(c) 3D features - fully tracked skele-
tons

(d) Main tested approaches - fully
tracked skeletons

Fig. 3. Re-identification results on the BIWI RGBD-ID dataset.
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Fig. 4. (a) Re-identification results with respect to the number of recognized joints and (b) number of frames of the BIWI RGBD-ID dataset when varying
the number of tracked joints. No frames contain a skeleton with less than 10 tracked joints. In (c), we report the percentage of frames in which each joint
is tracked.

exploiting SIFT descriptors.

B. Robustness to illumination changes on the IAS-Lab
RGBD-ID dataset

The IAS-Lab RGBD-ID dataset consists of 33 sequences
of 11 people acquired using the OpenNI SDK and the
NST tracker. For every subject, the Training and TestingB
sequences were collected in different rooms, with strong
illumination changes caused by the different auto-exposure
level of the Kinect in the two rooms. This kind of issue can
be noticed from the sample frames reported in Fig. 5. In

(a) Training (b) TestingB

Fig. 5. Sample frames of the same person from Training and TestingB
sets. Strong illumination differences can be noticed.

Fig. 6, we show the CMCs obtained with the main 2D and
3D descriptors we tested and with the approach we explained
in Sec. III-A which computes a global RGB histogram for
every person. As it can be noticed, SIFT is again the best

descriptor, with a rank-1 very close to 100%. BRIEF and
ORB also obtain very good results, directly followed by
the PFHRGB descriptor. Unlike in the BIWI RGBD-ID
dataset, the color histogram approach obtains poor results
on this dataset, probably because of the strong illumination
changes, while our texture-based approach maintains high
performance.
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Fig. 6. Re-identification results on the IAS-Lab RGBD-ID dataset.



C. Multi-frame results

In Table I, all re-identification results are reported for all
the approaches and datasets we tested in this work. The
multi-frame score presented in Sec. II-F is also reported
for the BIWI RGBD-ID dataset and the IAS-Lab RGBD-
ID dataset. It can be noticed how, if we consider this
sequence-wise result, our SPS signature coupled with the
SIFT descriptor allows to re-identify all the people of the
two tested datasets (R1-Multi = 100%) and in general the
re-identification percentage is 10-30% higher than the rank-1
computed for the single-frame re-identification.

D. Further comparisons on the CAVIAR4REID dataset

In order to validate our re-identification approach with
respect to the best re-identification approaches in literature,
we performed some tests on one of the most challenging
datasets which is used for evaluating re-identification in
video surveillance scenarios, the CAVIAR4REID dataset.
This dataset contains only RGB information, thus we man-
ually annotated the skeleton joints on all the images in
order to compute our SPS signature at skeleton keypoints.
We distinguished between visible and non-visible joints and
we also released our annotations8 in order to allow further
comparisons with our method. Since the training and testing
frames are collected from different cameras in this dataset,
many joints which are visible in the testing images are
not visible in the training images and vice-versa. Therefore
our TJ matching approach is not applicable to this dataset
and we selected the AJ matching instead, which computes
the SPSAJ signature by concatenating descriptors at all
keypoints, regardless if they are tracked or not and substitutes
the descriptors for the occluded joints with those computed
at their symmetric joints. We performed the same single-
frame and multi-frame tests (with M=3 and M=5) described
in [2] and we reported the results in Fig. 7. Once again, our
SPS signature which exploits the SIFT descriptor obtained
the best rank-1 scores for all the tests, thus outperforming
both the CPS approach [2] and the SDALF descriptor [1],
even though this dataset was targeted to video surveillance
applications and the image resolution was very low.

E. Discussion on computational complexity

Table I also reports the times needed for classifying one
frame for our SPS signature and the other approaches we
tested. For matching with Nearest Neighbor, we exploited
KD-Trees and FLANN9 based matcher, which improve time
performance of about one order of magnitude with respect
to the brute force algorithm. Our tests were performed with
a C++ implementation running on an Intel R©CoreTMi3 CPU
M330 @ 2.13 GHz with 4 GB DDR3 RAM.

The SPS signature with 2D descriptors results to be the
fastest approach among all the techniques evaluated in this
work. In particular, BRIEF is the fastest algorithm and ob-
tains very good re-identification results, even though inferior

8http://robotics.dei.unipd.it/reid.
9http://www.cs.ubc.ca/research/flann.

to SIFT. 3D features are almost one order of magnitude
slower than 2D features, thus preventing their use in real
time applications. Finally, we show that the algorithm which
uses SIFT keypoint detector to select keypoints results to be
2 times slower in the extraction phase and 10 times slower
in the matching phase with respect to our skeleton-based
approach.

IV. CONCLUSIONS

In this paper a novel approach to people re-identification
in RGB-D data has been presented. This approach builds on
the assumption that very stable keypoints can be detected on
human targets by means of a skeletal tracker, and exploited to
evaluate signature by means of 2D and 3D feature extractors.
This idea was developed considering several features and
matching methods and overcoming the instabilities that still
affect skeletal trackers.

The novel re-identification system presented in this paper
has been extensively tested using both video-surveillance
datasets for comparing this novel approach to the state-
of-the-art, and exploiting newly created datasets, that are
capable of highlighting the great advantages offered by our
approach. This re-identification method is particularly suited
for robotic applications dealing with humans, since it offers
superior performance, it exploits sensors commonly available
on most autonomous robots and runs in real-time.
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