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Abstract— As robots are widely used in assisting manual
tasks, an interesting challenge is: Can mobile robots help create
a labeled knowledge dataset that can be used for efficiently creat-
ing deep learning models for other sensors? This paper proposes
an Unsupervised Person Labeling and Identification (UPLIFT)
framework to automatically enlarge the labeled knowledge
dataset. Typically, manual data labeling is very costly, especially
when the user population is large and dynamic. To reduce
the cost, we use a mobile robot to serve as a knowledge seed
and to provide the pseudo-ground-truth for the system so that
unlabeled images from other fixed surveillance cameras can be
paired with the pseudo-ground-truth. Ultimately, the knowledge
dataset can be generated via a system-to-system knowledge
transfer process from the former to the latter and gradually
expanded as the system operates longer. Experimental results in
two environments indicate that UPLIFT achieves an accuracy of
94.1% on average to detect pedestrians’ IDs every 10 seconds.

I. INTRODUCTION

More and more robots have been used in data-driven artifi-
cial intelligence applications, such as intelligent surveillance
[1], indoor localization [2], people identification [3], and
object picking [4]. While more advanced learning algorithms
are being developed for robots, a challenging question is:
how can robots help establish and accumulate knowledge
and data that can in return improve other data-driven learning
models?

Supervised learning approaches follow the principle:
“knowledge dataset” + “supervised learning” = “intelligent
model”. However, collecting a high-quality labeled dataset is
costly. Recently, to reduce the burden of labor-intensive data
labeling, pseudo-label learning methods are considered in
[5]1[6][7] to iteratively add unlabeled samples into training
data by using a weak model learnt from a combination
of labeled samples and pseudo-labeled samples. This work
tackles the data labeling challenge by automatically creating
a knowledge dataset in an unsupervised manner and further
growing the dataset to keep improving the accuracy of the
model. In contrast to the emerging data labeling techniques,
we exploit a mobile robot to achieve this goal.

The work proposes the UPLIFT framework for au-
tonomous data labeling in a large-scale environment. A mo-
bile robot plays the role of knowledge seed to cooperatively
operate with several fixed surveillance cameras for labeling

The demo video of UPLIFT is available here.
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Fig. 1: An overview of the UPLIFT framework.

pedestrians on images. The autonomous mobile robot pro-
posed in [8] is used, which is capable of labeling the ID
of a wearable device on a detected image object via pairing
wearable sensing data with body skeletons on images. The
autonomous labeling process is rule-based according to syn-
chronicity between multi-modal data and thus has no manual
effort. The labeled data by the robot is called “pseudo-
ground-truth”. The pseudo dataset may contain images at
dynamic visual distances and angles and can be increased and
improved as the robot moves and perceives more and more
users over time. Concurrent with the mobile robot, several
fixed surveillance cameras continuously capture pedestrians
in the targeted regions. Their data are unlabeled and thus
have no knowledge value in terms of person identification in
the beginning. To create a PID model for these surveillance
cameras, we can use the knowledge seed (pseudo dataset)
to help label their data. Note that the labeled data from the
mobile robot cannot directly be applied to model creation
since the visual characteristics and view angles of the robot
camera differ significantly from these fixed cameras. This
work focuses on (1) how to create an initial knowledge
seed that can be transferred to surveillance cameras for the
PID purpose in a large-scale environment and (2) how to
gradually grow the knowledge dataset over time to expand
the knowledge on the surveillance system.
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The key idea of the UPLIFT framework is (i) to first
pair up the wearable devices and body skeletons taken by
the robot, and (ii) then to pair up the features extracted in
the labeled dataset (acquired by the mobile robot) with the
features extracted in the unlabeled dataset (acquired by the
surveillance cameras) based on the similarity among them.
If proper pairing is done, the unlabeled dataset (acquired
by the surveillance cameras) is tagged by the correspond-
ing IDs of the wearable devices. As a result, the initial
knowledge dataset can be subsequently expanded to a larger
one by clustering new features perceived by the surveillance
cameras. The proposed framework interactively establishes
a cooperative learning loop between the knowledge seed
(i.e., the robot) and the surveillance cameras. A prototype is
implemented to verify the idea and evaluate the performance.
The experimental results indicate that the proposed frame-
work can achieve an average accuracy of 94.1% for person
identification every 10 seconds. The key contributions of the
work are as follows. First, compared to the existing efforts on
developing advanced learning algorithms, we develop a new
data labeling method. Second, to the best of our knowledge,
this is the first work using a dynamic robot to transfer
and expand knowledge from one system to another via a
cooperative learning process.

II. RELATED WORK

Biometrics technology has been exploited for PID through
features such as iris patterns [9] and fingerprints [10]. This
relies on a large labeled dataset to create a CNN model [11].
However, such technologies usually operate well only at
short perception ranges and are sensitive to view angles and
lighting intensity. Also, manually labeling data with human
intervention is usually required.

Sensor fusion technology uses multi-modal data to identify
a person. Data from an RGB-D depth camera and wearable
inertial sensors are fused in [12] to recognize people and
their activities. The work in [10] identifies a person based
on fusing data from an RGB-D depth camera and RFID
antennas. Fusing IoT and video data is discussed in [13].
Fusing UAV video data for PID has been addressed in [3],
[14]. The device-object pairing problem is addressed in [15].

Data labeling technology is an important key to data-
driven applications. A high-quality dataset must be unbiased
and contains sufficient features for model creation. The
activity learning in [16] iteratively chooses better unlabeled
data for being labeled by a human annotator. Unsupervised
clustering techniques are considered in [17] to discover
new categories in an unlabeled dataset by partitioning data
into different groups based on their similarity measures. To
reduce labeling efforts, [18] tags a single label to a group
of unlabeled data. The work [19] labels the objects with
significant regularity in the features at earlier iterations. The
work [20] jointly performs clustering and labeling. Data
labeling methods for person re-identification (re-ID) are
designed in [21][22][23]. When a model is used on a testing
dataset which is different from the labeled training dataset,
the performance drop due to the cross-dataset person re-ID is

addressed in [21]. In [22], similar image samples of people
are clustered and assigned the same initialized pseudo label
to update the person re-ID model. Clustering methods are
designed in [23] to merge image frames of people according
to their closeness and spatial structure in their neighborhoods
for re-identifying people.

III. UNSUPERVISED PERSON LABELING FRAMEWORK
A. Problem and Methodology Overview

We consider an environment with a set of static surveil-
lance cameras and a dynamic mobile robot. These static
surveillance cameras are mounted at fixed locations and may
cover most of the environment [24], [25]. The views of
these static surveillance cameras may or may not overlap.
In contrast, the robot is capable of moving around but has
a narrower view of the environment as compared to those
surveillance cameras. Persons in the environment may carry
ID badges, wearable devices, or mobile phones, which can
reveal their identities that can be recognized by the robot.
Whenever an identity is recognized, the person on the image
frames taken by the robot are labeled by his/her ID. However,
static surveillance cameras are unable to label persons on
their image frames due to unavailability of IDs. On the other
hand, the quality of labeled images by the robot depends on
the robot’s view angles. Such labeled image data may not be
sufficient to create a good neural network for the surveillance
cameras to perform PID. In particular, a model created
from cross-camera data may lead to poor performance. This
motivates us to design UPLIFT to transfer knowledge seed
from the robot towards the set of static surveillance cameras.

Fig. 1 is an overview of UPLIFT. Given a time interval ¢,
the detected persons on image frames captured by the static
surveillance cameras during ¢ are represented as a set of
bounding boxes, denoted by B(¢). The bounding boxes are
unlabeled initially. Let Z(¢) denote the set of pedestrians’
bounding boxes that can be successfully assigned IDs by the
robot during t. The ID-assigning work can be autonomously
done by the robot via pairing visual data and ID-embedded
devices carried by the persons. Z(t) is further transformed
into several vectors, denoted by Li(t), La(t),..., Ly (t),
where m is the number of labeled persons and each L;(t)
is a representative feature vector of color characteristics of
person i, ¢ < m. Similarly, the dataset B(t) is preprocessed
in the same way to extract the feature vectors of color
characteristics. Since B(t) is unlabeled, we must first cluster
these vectors and then extract these clusters’ representative
vectors, denoted by Cy(t),Ca(t),...,Cn(t), where n is
the number of clusters. Here, each C;(t) is considered the
representative feature vector of cluster ¢. The goal is to
establish the two abilities.

o Knowledge transfer: To pair up the labeled vectors (i.e.,
Ly(t), La(t), ..., Ly(t)) and the unlabeled vectors
(i.e., Ci(t), Ca(t), ..., Cp(t)), meaning transferring
knowledge from the robot to those static surveillance
cameras.

o Knowledge expansion: To grow up the size of the
knowledge dataset for the surveillance system over time.
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B. Data Acquisition

1) Unlabeled Dataset B(t) Acquisition: This sub-module
is designed for the fixed surveillance cameras to extract
unlabeled bounding boxes from image frames during time
interval ¢. The real-time object detection framework in [26]
is modified to a single-class model for pedestrians detection.
Only full-body images of persons are included to ensure
visual and dataset quality. During ¢, this sub-module extracts
a set of bounding boxes B(t) = {b1(t),ba2(t),...}, where
each b;(t) = {zi(t),y:i(t), wi(t), hi(t),s:(t)} includes the
center coordinate, width, height, and confidence score of the
box. We denote the maximum number of detected persons
during ¢ by Npyaz(t).

2) Labeled Dataset Z(t) Acquisition: This sub-module
is designed for the robot to collect bounding boxes of
pedestrians with their IDs. We adopt the work in [8] for
person identification through fusing inertial data from wear-
able devices on pedestrians and skeleton data from the
RGB-D camera on the robot. (We remark that the approach
can be easily extended to wearable ID badges and smart
watches/phones.) The robot meets pedestrians occasionally
and thus captures them dynamically from different view
angles. Each wearable device has a built-in inertial sensor for
movement sensing and a pre-registered unique ID. During ¢,
the robot collects the set Z(t) = {z1(t), 22(t), ..., 2m(t) },
where z;(t) is the bounding box of a human object that the
robot recognizes and the box should cover the person’s whole
body for quality ensuring. This can be done by sending a
detected bounding box to a pose model, such as OpenPose,
for skeleton analysis. According to [8], once a person’s
body motion data matches with its inertial sensing data,
its bounding box is automatically labeled by the ID of the
wearable device. The labeling completely requires no human
intervention. It is called pseudo-ground-truth because the
bounding boxes are taken by a robot camera rather than
surveillance cameras.

C. Data Preprocessing

This module processes the two sets, B(t) and Z(¢), to
extract visual features. Fig. 2 shows its workflow.

1) Non-ideal Image Filter: This sub-module filters out
non-ideal bounding boxes. This facilitates subsequent extrac-
tion of visual features.

e Remove highly overlapped images: The bounding box
occlusion problem is solved by calculating Intersection
over Union (IoU). If the IoU between any two bounding
boxes is higher than a predefined threshold of d;,y, the
two bounding boxes are removed from the dataset.

e Remove misaligned images: The bounding box mis-
alignment problem appears when a large portion of a
person is outside its bounding box due to poor human
detection or a person staying too close to the robot.
Therefore, a bounding box is removed from the dataset
if its width exceeds a threshold 4., or its height exceeds
a threshold ¢,.

o Resize images with inconsistent resolution: To ensure
consistency in resolution, all the bounding boxes in the

dataset after the above filtering are resized to a fixed
resolution of w x h. The final datasets are denoted by
B'(t) and Z'(t).

2) Appearance-based Feature Extraction: This sub-
module represents each bounding box in B’(t) and Z'(t)
by its color features. The key idea is to encode an image
by its color combination. Specifically, each bounding box is
transformed into a vector of an RGB color histogram. First,
the model in [27] is applied to remove clutter backgrounds.
Based on the Golden Ratio Principle [28], each box is
further proportionally partitioned into three portions: head,
torso, and leg at 14.58%, 23.61%, and 61.81% of the total
height. Since the head portion contains little discriminative
information on dress colors, it is excluded from the following
feature extraction. Then, the remaining bounding box is
represented by two RGB color histograms, one for the torso
part and one for the leg part. Specifically, each pixel in the
image is mapped toa triplet of (’rvaluev Guvalue; bvalue), where
each value is encoded by 8 bits. This quantization maps
each RGB pixel to a 8 x 8 x 8 space. The histogram result
can be regarded as a 512-dimensional vector representing
the color distribution of an image. Combining torso and
leg portions leads to a 1024-dimensional vector. Finally,
to reduce the computational cost, the principal component
analysis (PCA) is applied to reduce the 1024-dimensional
vector to a 256-dimensional vector. To summarize, the
dataset B’(t) is transformed to V(t) = {v1(t),va(t),...},
where v;(t) is the 256-dimensional feature vector of each
bounding box b(t) € B’(t). Similarly, the dataset Z’(t) is
transformed to U(t) = {ui(t),uz2(t),...,}, where u;(t) is
the 256-dimensional feature vector of each bounding box
zl(t) € Z'(¢).

D. Creating Pedestrian ID Vectors

Since the vectors in U(t) are associated with pedestrians’
IDs labeled by the robot, the main task of this sub-module
is to create a representative vector for each pedestrian. The
vectors in U(t) are partitioned into m classes according
to their IDs given by the robot. Let ®;(¢) C U(t) denote
the subset of vectors with ID = 4. The representative vector
for pedestrian i is L;(t) = m Zvuj (tyew (1) ;i (t). Here,
L;(t) is the centroid of all the vectors in ®;(t).

E. Feature Clustering

Since vectors in V(¢) are not labeled, this module shall
partition them into p clusters based on inter-vector distances.
The ideal value of p should be the actual number of pedestri-
ans in the environment. However, its actual value is unknown.
(For example, if p = 3, during ¢ only two bounding boxes
may be detected per frame due to visual blocking, while
during t+1 four bounding boxes may be detected per frame.)
The key challenge for this module is to approximate the
actual number of clusters to p, when clustering vectors in
V(t). Initially, N,,q.(t), which is the maximum number of
detected bounding boxes over all image frames during ¢, can
be an estimation of p. Let 1 (t), Qa(¢), . .., 2, (¢) denote the
final clustering outcome, where n is the number of clusters.
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Fig. 2: The workflow of data preprocessing.

Two feature clustering algorithms are proposed. The first
algorithm groups vectors by approximating the number of
clusters based on intra-cluster variance and inter-cluster vari-
ance. The second algorithm groups vectors by approximating
the radius of clusters based on density distribution in the 256-
dimensional vector space.

1) Variance-based Feature Clustering: This algorithm
considers the Calinski-Harabasz (CH) index [29] to approx-
imate the number of clusters. Given k clusters, denoted by
Q1(t), Qa(t), ..., Qu(t), the CH index is calculated by
CH = g—ga %, where |V (t)| the total number of
vectors (i.e., data points) in V(t), SS,. is the overall inter-
cluster variance, and S S, is the overall intra-cluster variance.
Notations € (t), Qs (t), ..., Qk(t) are to differentiate from
the final clustering outcome 4 (t), Qa(t), ..., L, (t). SS.
measures the variance of all cluster centroids from the V' (¢)’s
grand centroid, ie., S5, = ¢ Q)] x ||Ci(t) — O 2,
where |€2; ()| denotes the number of vectors (i.e., data points)
in the cluster Q;(t), Ci(t) is the centroid of cluster 2 (t),
and © is the grand centroid of V(t). SS, measures the
variance of all the vectors from their own centroid C’i(t), ie.,
SSa = 311 Yo ean 105(t) = Ci()]2. A higher CH
implies a better cfustering result as we prefer a larger inter-
cluster variance and a smaller intra-cluster variance. There-
fore, this algorithm examines potential values of k£ between
[Nimaz (), Nmaz(t) + @] and chooses the k leading to the
largest C'H. Here, « defines a range to search for the largest
CH. CH,,q, is to iteratively keep the maximum value of
CH. To approximate the actual p, the algorithm computes
the values of CH index for all & in [Nyaz(t), Nyaa (t) + .
For each k, the k-means clustering algorithm is applied. If a
better value is found, C'H,, ., 7, and the clustering outcome
are updated. Finally, for the n clusters, we compute each of
their representative vectors Cy(t), Ca(t),...,Cy(t), which
are their centroids, respectively.

2) Density-based Feature Clustering: The key idea of
this algorithm is to approximate the average radius of
clusters that further limits the minimum of data points
in a cluster for forming clusters based on the den-
sity. Given k clusters, ((t),Qa(t),...,Q(t), the aver-
age radius of these k clusters is computed by e =
i zj;l(m 3o, et 105 () =Ci()][?). Given a value
of ¢, the average number of vectors (i.e., data points)
in the eg-neighborhood of a cluster is defined by pr =
%Zle R(ex, Ci(t)), where R(ey, Cy(t)) is the number of

vectors (i.e. data points) in the ej-neighborhood of the
cluster Q;(t). If d(v;(t), Ci(t)) < ek, v;(t) is in the e-
neighborhood of €;(t), where d(v;(t), C;(t)) is the distance
between v;(t) and C;(t).

The algorithm is designed to approximate the number of
clusters. First, we set k = Ny,q.(¢) and apply the k-means
clustering algorithm on V() to get k clusters. Based on
these k clusters, the values of ¢ and j can be computed.
Then, the two parameters are considered as the input of
the DBSCAN algorithm [30] to re-cluster vectors in V'(¢).
If the number of clusters after the DBSCAN is more than
Ninaz(t), we sort these clusters according to the numbers of
data points in them in descending order and only keep the
first Nynqz(t) clusters as the clustering outcome. We denote
O4(t), Qa(t),...,Q,(t) the final clustering outcome of the
algorithm, where n < N4, (t). Finally, from these n clus-
ters, their representative vectors, Cy(t), Ca(t), ..., Cp(t), are
computed by their centroids.

F. Transferring and Expanding Labels

This module generates the knowledge dataset for the
surveillance cameras by matching the unlabeled representa-
tive vectors C(¢), C2(t), . .., Cy(t) with the labeled vectors
Ly(t), La(t), ..., Ly (t). Since it is possible that n # m, the
pairing results may assign labels to only some of the clusters
D1(t), Qa2(t), ..., Qpn(t). (Note that it is not necessary to
assign each cluster a label.) We shall even gradually expand
our existing knowledge dataset by merging the newly labeled
datasets with the existing datasets. Two sub-modules are
designed to achieve this.

1) Knowledge Transfer via Pairing: Given
unlabeled Cy(t), Ca(t), ..., Cp(t) and labeled
Li(t), La(t), ..., Ly (t), this module assigns the pedestrian
ID associated with L;(t) to C;(t) if we find high similarity
between C;(t) and L;(¢). Since the Cy(t), Ca(t),...,Cy(t)
and L (t), La(t), ..., Ly (t) are created using images from
different cameras, their visual characteristics may be slightly
different. We use color distribution as the main feature
and apply cosine similarity to measure a similarity score:

Sim(Ci(t), Li(1)) = 1& ity Here, Ci(t) and Lj(t)

are vectors in a 256-dimensional space, and the score should
fall in [—1, 1]. The following pairing process is designed.
1) Compute all-pair similarity scores between C;(t) and
Li(t),i=1,2,...,nand j =1,2,...,m.
2) Sort all pairs based on their computed similarity scores
in descending order.
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3) Choose the pair from with the maximal similarity
score, denoted by (C;(t),L;(t)). Assign the ID as-
sociated with L;(t) to C;(t) and all vectors in the
corresponding cluster €2;(t).

4) Remove those pairs containing C;(¢) from the sorted
list.

5) Repeat Step (3) until each L;(t) has been paired.

Ideally, after the pairing process, if m = n, all Q;(¢) can
be labeled. However, since the robot has only partial views
of the environment, it sometimes cannot capture all the
pedestrians in the environment during time interval ¢. In
contrast to the robot, surveillance cameras are more likely
to capture all the pedestrians in the environment. So, it is
more likely that n > m. In this case, some C;(t) may not
be paired and labeled.

2) Knowledge Expansion via Merging and Sampling: To
address the above unpaired issue, a backtracking process is
designed to integrate historical vectors during time interval
(t — 1) and the current vectors during interval ¢. The results
will be iteratively forwarded to interval (¢4 1). Such a label-
ing loop also opens an opportunity for expanding the knowl-
edge dataset. To achieve this, we need to keep a set of histor-
ical vectors H(t—1) = {hi(t—1),ha(t—1),..., hy (t—1)}
and a superset { H,(t — 1), Ho(t —1),..., Hy(t —1)} at the
end of the time interval (¢ — 1), where p’ is the number of
pedestrians who are already labeled during (t—1), h;(t—1) is
the weighted feature vector for the i-th pedestrian by taking
all historical feature vectors up to time interval (¢t — 1) into
account, and H;(t — 1) is the expanded set of images of
the pedestrian corresponding to h;(¢t — 1). For each paired
tuple found in the pairing process during t, we denote as
Pair(C;(t),Lj(t)) = 1, where Pair(-) = 1 indicates a
successful pairing. Otherwise, Pair(-) = 0. Let ¥(t — 1) =
{ID(h1(t—1)),ID(hs(t —1)),...,ID(hy(t—1))} be the
set of identities of the p’ pedestrians which already have
labeled image datasets during (¢t — 1), where I.D(:) returns
the identity of the pedestrian for a given feature vector.

Fig. 3 shows all cases of the iterative pairing process.
For each paired Pair(C;(t), L;(t))=1, there are five cases
to update the historical vectors and the superset at (¢t — 1).
o Case 1: ID(L;(t)) = ID(hi(t — 1)) for some k: This
indicates that the pedestrian was already labeled during
(t —1) by ID(hy(t — 1)). Thus, we set

hi(t) = B hy(t = 1) + - Li(t) + (1 = 8 = 7)Ci(t), (1)

where (3 and +y are two weighting factors in [0, 1]. Intuitively,
hi(t) is a weighted vector of hi(t — 1), L;(t), and C;(t).
The expanded set of images of the pedestrian corresponding
hi(t) is set to

H.(t) = sub(Hy(t — 1)) | sub(@; () [ Ju(t), ()

where sub(Z) means a subsample of the set Z by randomly
keeping a certain ratio of elements of Z in sub(Z) (i.e.,
sub(Z) C Z). That is, we only include a portion of historical
images (from historical labeled images) of ﬁk(t — 1) in
H, (t). Similarly, we also include a portion of images (from

time interval (t-1) time interval t time interval (t+1)
ID(L, (1)) = ID(h, (t-1)) for some k Case 1: paired
D(L, (1)
s ‘
ID(L, (1) & W(t-1) Case 2: paired DL, (1)
GallCEE
ID(h, (¢ 1)) € (t-1) - ¥(t) and Case 3: unpaired &
Sn(C,(0), hy (t-1)) > 5, paired with history

Case 4: Orphan vectors

forwarded vectors for
future pairing if

(a) no labeled history or
(b) low similarity

% .Ee Case 5: Historical orphan vectors

Fig. 3: Feature vector backtracking and forwarding.

forwarded history for
future backtracking

the robot’s labeled images) of ®;(t) into Hy(t). So, this
process includes new labeled images and gradually removes
aged labeled images of persons who have not been captured
for a long time.

e Case 2: ID(L;) ¢ U(t — 1): This indicates that the
pedestrian was not captured by the robot before (¢t — 1) but
is captured and paired during ¢. This is a new pedestrian
coming to the system. For a new pedestrian, we generate
a new historical vector hg(t) for the new pedestrian by
Eq. (1), where the hy(t — 1) is degenerated in the equation.
Meanwhile, the knowledge dataset Hj(t) is updated by
Eq. (2), where the sub(Hj(t — 1)) is degenerated.

For each C;(t) such that Pair(C;(t), L;(t))=0 for all j,
the unpaired cluster C;(t) is processed by the cases below.
e Case 3: There exists an ID(hy(t — 1)) € U(t —1) —
U(t) and Sim(C;(t), hr(t — 1)) > dsim for some k: This
indicates that the pedestrian with identity 7D (hy(t—1)) was
captured by the robot during (¢ — 1) but is not captured
by the robot during ¢ due to a partial view. In this case,
if Sim(C;(¢), hi(t — 1)) is greater than a threshold s,
we merge the historical (hi(t — 1), Hi(t — 1)) and the
current (C;(t),Q;(t)) together and assign ID(hy(t — 1)) to
the vectors in €;(¢). Thus, we set the historical vector for
the pedestrian by Eq. (1), where the L;(¢) is degenerated in
the equation. Meanwhile, the expanded knowledge dataset is
updated by Eq. (2), where the sub(®;(t)) is degenerated. If
the similarity is not high enough, the vectors in §2;(¢) are
called orphan vectors, which will be processed in Case 4.

After processing the above Cases 1-3, there may be some
orphan (C;(t),€2;(¢)) which is still not labeled, and some
orphan (hy(t — 1), H(t — 1)) such that ID(hy(t — 1)) is
not included in W(¢) yet. The cases below address them.

e Case 4: Orphan (C;(t), 2;(t)): The orphan vectors in ;(t)
are forwarded for future pairing in the next time interval
(t+1). Weset V(t+1)=V(t+1)JQ(®).
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Fig. 4: Experimental results: (a) the prototype, (b) performance of feature clustering, and (c) performance of knowledge

transfer via pairing.

e Case 5: Orphan (hy(t — 1), Hy(t — 1)): If there exists
a historical vector hy (¢t — 1) which cannot be processed by
Cases 1-3, we will forward it to interval ¢ by setting hy(t) =
hy(t —1) and Hy(t) = Hy(t — 1).

IV. PERFORMANCE EVALUATION

A prototype is implemented with the hardware compo-
nents shown in Fig. 4a. Two Logitech web cameras, which
have a higher resolution, are mounted at fixed positions.
Each surveillance camera initially collects image frames for
60 seconds at a sampling rate of 30 FPS. The robot is
equipped with a PrimeSense RGB-D camera, which has a
lower resolution and collects image frames at the same sam-
pling rate. Experiments are conducted in two environments,
one with a better light condition and one with a poorer
one. Eight persons are considered. The number of extracted
bounding boxes is 4988, and only 4294 of which are selected
for feature clustering. The robot in [8] is implemented to
collect the pseudo-ground-truth with an accuracy of 88%.
The number of detected bounding boxes by the robot is 214,
which is significantly fewer than that by the surveillance
cameras. The other settings are d;,py = 0.15, §,, = 480,
o, = 1200, w = 200, and h = 500 are for the data
preprocessing; o = 2 is used for feature clustering; 5 = 0.45
and v = 0 are for transferring and expanding labels.

A. Performance of Feature Clustering

Since the proposed framework clusters vectors obtained
from surveillance cameras before assigning labels to them,
we first study if these vectors can be correctly grouped to the
right classes. To evaluate the performance of clustering, we
define purity to be the percentage of vectors that belong to the
same cluster. Let w} (t) denote the set of the j-th pedestrian’s
vectors clustered into €2;(¢) during time interval ¢. We define

n i
S S ) o
j < p}, where n is the number of clusters, and p is the actual
number of pedestrians. Since a cluster may contain multiple
pedestrians’ vectors, the max function is to pick the number
of vectors in the majority for each cluster. A higher value of
purity indicates a better performance of feature clustering.
The observation period is varied from 5, 10, 15, 20, to 30
seconds. When a longer period is considered, more image

Purity =

frames can be captured, but it also incurs much more people’s
movements that increasingly influence the performance of
feature clustering. Fig. 4b shows the experimental results,
where the best choice of period length is 10 seconds. With a
period length of 10 seconds, the density-based feature clus-
tering algorithm achieves a purity level of 97.1%. The level
of purity resulting from the density-based feature clustering
slightly decreases as the period length increases. This is
because a longer period does not affect the data distribution
in the dataset but may affect the number of clusters due to
noises arising from changes in light characteristics caused
by human movements.

B. Performance of Knowledge Transfer

Next, the accuracy of pairing for knowledge transfer
presented in Section III-F is evaluated. Each given label to
a cluster after pairing is manually examined with the actual
label to a pedestrian. The accuracy is the percentage of labels
that are correctly assigned by our algorithm. Similarly, the
observation period is changed from 5, 10, 15, 20, to 30
seconds. As shown in Fig. 4c, the accuracy can achieve
94.1% when the density-based feature clustering is applied
with an observation period of 10 seconds. When the variance-
based feature clustering is applied, the accuracy is 87.1%.

V. CONCLUSIONS

The work proposes the UPLIFT framework to transfer
labeling ability from one camera system to another camera
system. However, how often the robot meets pedestrians
affects the efficiency of data labeling. Future work may con-
sider a multi-robot collaborative framework for improving
data labeling, especially for an extremely large environment.
Furthermore, cross-system data matching could be consid-
ered in the future by incorporating not only the color profiles
of objects but also their trajectories on frames.
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