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Abstract. Reliable human following is one of the key capabilities of
service and personal assisting robots. This paper presents a novel person
tracking and following approach for autonomous mobile robots that are
equipped with a 2D laser rangefinder (LRF) and a monocular camera.
The proposed method does not impose restrictions on a person’s clothes,
does not require a head or an upper body to be within a camera field of
view and is suitable for low height indoor robots as well. The algorithm is
based on a metric that takes into an account parameters obtained directly
from LRF and monocular camera data. The algorithm was implemented
and tested in the Gazebo simulator. Next, it was integrated into a control
system of the TIAGo Base mobile robot and successfully validated in uni-
versity environment experiments with real people. In addition, this paper
proposes a new criterion of algorithm performance estimation, which is
a function of false positives number and traveled distances by a person
and by a robot. Further this criterion is used to compare performance of
the proposed method with the Multiple Instance Learning (MIL) tracker
in simulated and in real world environments.

Keywords: Mobile robot · Human tracking · Human following
algorithm · Laser range finder · Monocular camera · Multisensor
tracking · Accuracy score · ROS · Gazebo

1 Introduction

Person-following algorithms are used by various types of service robots, includ-
ing robotic suitcases, cargo robots, autonomous wheelchairs [33], shopping robots
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[14], rescue robots [26,28], and others [31]. A person-following robot simultane-
ously deals with three problems: a self-localization, followed person coordinates
detection (and tracking) and path planning [21]. A significant variety of works
on person-following algorithms for autonomous mobile robots, which were pro-
posed in the past decades, could be roughly divided into laser range finder (LRF)
based approaches, camera-based approaches and mixed approaches [13].

Mobile robots are often equipped with a 2D LRF. While these on-board
LRFs are generally employed for simultaneous localization and mapping (SLAM)
tasks [34], they could be also utilized for tracking of a target person’s legs posi-
tion. Major LRF-based human tracking solutions employ a geometric approach
assuming that human legs or body have a specific shape and geometric param-
eters [16,27,35] or apply well-established machine learning techniques [4,12,24].
Yet, the assumption that person clothes allow distinguishing two separate legs
in LRF data is not applicable when clothes completely cover legs, e.g., a person
wearing a skirt or a long overcoat. Moreover, while LRF-based tracking is mainly
successful in large open spaces, they often fail distinguishing human legs from
other obstacles in a cluttered environment. Multidimensional LRF data based
approaches could significantly improve accuracy of human detection, position
estimation and tracking [8]. Alternatively, a 3D LiDAR could be used to track
objects in 3D space [20,36], but it is important to emphasize that these sensors
are quite expensive.

Additional visual sensors, such as mono cameras, stereo cameras, and 360◦

cameras, are used to increase person-detection and tracking reliability [32]. In [30]
authors applied skeleton tracking by Microsoft Kinect SDK and an auxiliary
tracker, which utilized Camshift algorithm. In [15] a mobile robot used an RGB-
D camera based simple 2D tracker of a human. In [23] an RGB-D camera based
framework for a human following robot combined deep learning and variational
Bayesian techniques. A stereo vision based CNN tracker for a person-following
robot was proposed in [10]. In [18] a person-following robot used a monocular
camera for a person tracking and identification. However, if a robot has a low
height, then a human head and upper body are not always contained in a cam-
era’s field of view. This makes visual person detection and tracking difficult. To
increase a person identification and tracking reliability, it is advisable to jointly
use a LRF and a camera. A person-following algorithm in [19] fused data of
a LRF and a panoramic camera. In [17] authors suggested a person tracking
and following algorithm for a mobile robot, which was equipped by a right-side
monocular camera and a frontal LRF.

This paper presents a human following algorithm for an autonomous person-
following mobile robot of a low height. The algorithm is based on a LRF and a
monocular camera data fusion. We implemented and tested our approach with
the PAL Robotics TIAGo Base [29] wheeled differential drive robot. The robot
has a cylindrical shape with 54 cm diameter and 30 cm height. Relatively small
dimensions allow the robot to traverse environments of various types, including
cluttered office rooms [6]. In addition to original Hokuyo URG-04LX-UG1 LRF
[1], which is located in the front of the robot at 10 cm height from a floor level, we
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equipped the TIAGo Base with a monocular Web camera of 640×480 resolution.
The camera was placed on the top of the robot, in its front, at a height of 40 cm
from the floor level. The person-following algorithm was initially validated in
the Gazebo simulator [3,22] and then in a real world indoor environment.

2 Human Tracking and Following

2.1 Human Tracking

To successfully follow a person, a robot needs to track him/her continuously
and to be capable of searching and identifying the person in case of loss. Our
algorithm simultaneously tracks a person in two 2D images: the first image
is constructed from LRF data and the second is a monocular camera image.
Using LRF data we constructed a 2D image of 500 × 500 pixels, which contains
LRF distance readings toward environment obstacles. Closely located pixels that
corresponded to occupied locations (a static or a dynamic obstacle, including a
human) were connected with straight lines. Figures 1a, b show examples of LRF-
based images with a person in front of the TIAGo Base robot: a person in trousers
with clearly distinguished legs (Fig. 1a) and a person in a skirt (Fig. 1b).

Our previous work [9] compared five popular trackers of OpenCV library:
KCF, TLD, Median Flow, MOSSE and MIL [5]. They were compared in a virtual
world of the Gazebo simulator for a person tracking task using LRF data. MIL [5]
tracker demonstrated less false positives and a longer path length of successful
tracking (without loosing a tracked person) than the other four approaches.
However, it should be emphasized that a common disadvantage of all five trackers
was a large number of false positives when a person approached any virtual
obstacles including walls, furniture or other people. Therefore, to successfully
track a person in LRF data, a tracker should be capable to distinguish a person
from another object within the LRF data. Combining strong features of LRF-
based and camera-based tracking we could obtain better tracking results. Yet, to
combine these data, a person should simultaneously appear within a camera and
an LRF field of view, which allows (at least partial) matching of LRF-based and
camera-based images. This paper proposes a new method of LRF and camera
data fusion that elicits a more precise human tracking and following.

Both in virtual experiments within the Gazebo environment and real world
experiments with TIAGo Base robot we use the following notations in this paper:

– LRFimg is n × n pixel binary image, which is constructed using LRF data;
– LRFp is d × d pixel fragment of LRFimg that contains a person (exhaustive

target person data within LRFimg image, which could reflect the entire person
or only a part of his/her body);

– Cimg is an image from a camera;
– Cp is a fragment of Cimg that corresponds to LRFp fragment (i.e., the person).

Our method requires at least n = 500 and d = 75, which were obtained
empirically. In this case, 500 × 500 pixel image LRFimg corresponds to a square
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pattern that reflects virtual or real world data within 5 × 5 m2 square. When
tracking starts we save the first Cp as a sample image S and keep updating Cp

variable with time. If a person is simultaneously within a camera and an LRF
fields of view, a new value of Cp is obtained and compared with S. In addition
to tracking the target person within LRF data we track the person in camera
data using an independent tracker. Cτ denotes an image of the person, which
is obtained using the independent tracker. Figure 1c demonstrates examples of
images LRFp, Cp, Cτ and S.

(a)

(b) (c)

(d) (e)

Fig. 1. (a) LRF data based 2D image. Black pixels correspond to empty or unknown
(due to an occlusion) space, white pixels correspond to visible obstacles. The red dot
denotes the TIAGo Base robot position. Legs of a person in trousers form two curves
(inside the green square). (b) LRF data based 2D image. A person in a long skirt forms
the single curve (inside the green square). (c) Examples of LRFp, Cp, Cτ , S images
in the Gazebo virtual experiments. (d) Real world experiments with the TIAGo Base
robot inside the 2-nd Study Building of KFU, 35 Kremlevskaya street, Kazan. (e) A
person trajectory in virtual experiments in Gazebo. (Color figure online)

A person is displayed in LRFp (LRF data based) image as a set of points and
there is a particular Cp (monocular camera data based) image that corresponds
to LRFp. The idea of our method is based on the construction of an abstract
metric space. The points of this space are ordered pairs of the form (LRFp, Cp).
The tracked person is associated with some point (LRFp, Cp) of this metric
space at each moment. We introduce a feature system for each pair (LRFp, Cp).
At the initialization time images LRFp and Cp correspond to a target person.
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To determine a position of a person at the next moment, we construct a metric,
which allows us to compare objects within the LRF and camera field of view
with the initial sample.

We denote a correlation coefficient of normalized histograms of Cp and S as
corr(Cp, S). LRFp(x, y) denotes a pixel value at (x, y) cell of an image, where
x and y are integer numbers so that 0 ≤ x, y ≤ d − 1. LRFp(x, y) takes a value
of 0 for an empty cell and 1 for a cell with an obstacle, which could be a person
or another object (in Fig. 1a black pixels are assumed to be an empty space,
white pixels correspond to visible obstacles). Thus LRFp image could be viewed
as a matrix with zeros and ones. We process LRFp matrix in a such way that
each column of a resulting matrix LRFN

p has at most one nonzero element. The
convention is to keep only the lowest index element if several nonzero elements
appear in the column. Next, using LRFN

p matrix, we construct function f(x)
on the set [0, d − 1]. The value of f(x) is a row number of a nonzero element of
column x and is zero if LRFp(x, Y ) = 0 for all Y ∈ [0, d − 1].

Consider an abstract space M whose elements are ordered pairs (LRFp, Cp).
Let P = P (LRFp, Cp) be a point of this space. Using a set of {ni}, i = [0..7]
functions for each point of space M we describe a target human appearance
using a number of mathematical features of his/her shape as follows:

– n0(P ) denotes function f(x), which is constructed for point P (its LRFp part)
by the method described above;

– n1(P ) denotes a number of local minima of f(x);
– n2(P ) denotes a number of discontinuity points of f(x);
– n3(P ) denotes a cardinality of a set of points at which f(x) �= 0;
– n4(P ) denotes a height of a tracked curve in terms of columns of LRFp image

n4(P ) = |max f(x) − min f(x)|;
– n5(P ) denotes an indicator function that allows detecting whether LRFp

image contains a straight line as follows:

n5(P ) =

{
0 if |corr(x, f(x))| < σ1

1 if |corr(x, f(x))| ≥ σ1

, (1)

where corr(x, f(x)) is a linear correlation coefficient of x and f(x), σ1 is an
empirically established threshold value, which was set to 0.9. n5(P ) allows
reducing probability of false positives on walls and other objects with flat
vertical surfaces;

– n6(P0, P ) denotes a result of comparing Cp image and the one that is obtained
by an independent tracker

n6(P0, P ) = |corr(Cp0 , Cτ ) − corr(Cp, Cτ )|, (2)

where P0(LRFp0 , Cp0), P (LRFp, Cp) ∈ M ; Cp0 , Cp ⊂ Cimg and Cp0 �= ∅,
Cp �= ∅; Cτ was previously defined as an image of the person, which is
obtained by the independent tracker.
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– n7(P0, P ) denotes a result of comparing Cp image with the initial sample of
the human image

n7(P0, P ) =

{
0, if corr(Cp0 , Cp) ≥ σ2

1, if corr(Cp0 , Cp) < σ2

, (3)

where σ2 is an empirically established threshold value, which was set to 0.8
in our experiments.

For space M we set the following metric for measuring a distance between
two distinct points P0 and P1:

ρ(P0, P1) = λ0 max |n0(P0) − n0(P1)|

+
5∑

i=1

λi|ni(P0) − ni(P1)| +
7∑

i=6

λini(P0, P1),
(4)

where λi > 0 are weighting coefficients that allow to adjust metric in Eq. (4)
sensitivity to particular parameters. In our experiments all values {λ0, .., λ7}
were set to 1 and a research of their correlation and selection is left as a part of
our future work.

Using metric defined by Eq. (4) we constructed a tracker that fuses LRF and
monocular camera data. At an initial moment of time a target person is the
closest object to a robot, which allows setting P as a set of a sample image S
of the target person and the corresponding ni, i = [0..7]. Next, at each step the
algorithm could find point P0, which is the closest one to P .

As an independent tracker that provides image Cτ we used the MIL tracker
[5]. To eliminate the problem of loss and false positives by the MIL tracker,
we re-initialize it with a newly obtained target person image every time when
ρ(P, P0) < στ holds. Here στ is an empirically established threshold value, which
is set to 7 in our experiments.

2.2 Person-Following Algorithm

Using the above described tracker a robot can determine a position and coordi-
nates of a person. The next task is to plan a path from current robot position
Sloc to local target Tloc, which is located in a close vicinity of a person, at a
safe distance from him/her [25]. Points Sloc and Tloc are selected in a robot
centered system of coordinates, and thus Sloc is the origin (0,0) of the robot cen-
tered system. If a straight line (Sloc,Tloc) intersects an obstacle, the algorithm
applies a local planner, e.g., the ROS move base package. Upon reaching Tloc,
the algorithm sets Sloc to Tloc, defines new Tloc and plans a path to new Tloc.

The person-following algorithm is presented in Algorithm 1. At a start,
a person stands in front of a robot and the robot determines local to LRF
coordinates Ψ̃ of a nearest object using LRF. These coordinates correspond to
P (LRFp(Ψ̃), Cp(Ψ̃)) point of space M . We assume that LRFp(Ψ̃) and Cp(Ψ̃)
images always contain an image of the person. To determine coordinates of the
person at the next moment, we build an array of 100 points Ψi (i=1..100), located
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no farther than Euclidean distance ε (empirically selected as ε = d) from a pre-
vious position of the person. The selection of 100 points is an empirically defined
trade-off between accuracy and execution time. This array corresponds to array
of points Pi(LRFp(Ψi), Cp(Ψi)). First, we fix a minimum value ρ(P, Pi) as P0

point; then we select a point with index i that has a minimal value ρ(P, Pi)
within the array. If ρ(P, Pi) < θ (empirically selected as θ = 34 based on an
analysis of a set of virtual pilot experiments), then the robot moves to point Ψi;
otherwise the robot begins searching for a person. During the search, the robot
compares all detected objects with the person using Eq. (4).

Algorithm 1. Person-following algorithm

1: Get LRFimg and Cimg images

2: Find nearest object coordinates ˜Ψ

3: P := (LRFp(˜Ψ), Cp(˜Ψ))

4: Ψprev := ˜Ψ

5: Initialize tracker for Cτ

6: while not “Return command” do

7: Update LRFimg, Cimg, Cτ

8: P0 := (LRFp(Ψprev), Cp(Ψprev))

9: minρ := ρ(P, P0)

10: for all |Ψi − Ψprev| < ε do

11: Pi := (LRFp(Ψi), Cp(Ψi)

12: if ρ(P, Pi) < minρ then

13: minρ := ρ(P, Pi)

14: Ψgoal := Ψmin

15: end if

16: end for

17: if minρ < θ then

18: if minρ < στ then

19: Initialize tracker for Cτ

20: end if

21: Move to Tloc(Ψgoal)

22: Ψprev := Ψgoal

23: else

24: Run person search procedure

25: end if

26: end while

3 Experiments

This section describes experimental work with TIAGo Base robot in the Gazebo
simulator virtual environment and in real world environment.
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3.1 Simulation in Gazebo

For real world experiments, we used a corridor of the 2-nd study building of
Kazan Federal University (Fig. 1d). A part of the corridor and one room of the
Laboratory of Intelligent Robotic Systems (LIRS) were modelled in the Gazebo
simulator for virtual experiments (Fig. 1e). Algorithm 1 was implemented in
the Gazebo simulator using the TIAGo Base robot simulation packages [2]. A
38 m piecewise linear trajectory of a target person (Fig. 1e) was used in 400
virtual experiments in the Gazebo simulation (Fig. 2a). Figure 2b demonstrates
LRFimg, LRFp, Cimg, Cp and Cτ that correspond to the particular frame of
Fig. 2a.

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 2. (a) The Gazebo simulation frame of Algorithm 1. (b) Tracking a person using
LRF (left) and camera (right) data in the Gazebo. On the left: LRFimg image with
LRFp area denoted with the red square. On the right: Cimg image with Cp area (inside
the red rectangle) and Cτ area (inside the blue rectangle). (c) TIAGo Base follows a
person in pants. (d) Tracking the person in the pants using LRF (left) and camera
(right) data. In the left image the target person is in the red square” (e) TIAGo Base
follows a person in a long dress that covers legs. (f) Tracking the person in the long
dress using LRF (left) and camera (right) data. In the left image the target person is
in the red square. (Color figure online)

In our previous work [9], we attempted tracking a straight line walking human
in LRF data with KCF, TLD, Median Flow, MOSSE and MIL trackers. Their
performance comparison demonstrated a clear superiority of the MIL tracker.
Therefore in this work the MIL tracker was selected as an independent tracker
(within Algorithm 1) as well as the only competitor for Algorithm 1 evaluation.
We used standard parameters of the MIL tracker of the OpenCV library: a
radius for gathering positive instances during init – 3, a search window size – 25,
negative samples to use during init – 65, radius for gathering positive instances
during tracking – 4, positive samples to use during tracking – 100000, negative
samples to use during tracking – 65, features – 250.
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We evaluate the accuracy of person-following algorithms according to an
average traveled distance, tracker false positives, and an average person speed.
On a false positive occurrence, we stopped the experiment and measured a dis-
tance traveled by the robot. For algorithm performance evaluation, the following
accuracy score was used:

μ =
1
2

(
1 +

∑
i li∑
i Li

− Nf

N

)
, μ ∈ [0, 1], (5)

where Nf is a number of false positives, li is a distance traveled by a person in i-th
experiment, Li is the person’s path length, N is a total number of experiments.
The four aforementioned values correspond to an entire set of experiments for
an algorithm with a particular human walking speed. The ratio

∑
i li/

∑
i Li

allows evaluating whether a robot succeeded to complete an entire path without
losing the person. The ratio Nf/N reflects an average number of false positives
per experiment. The parameter μ reaches its maximum of μ = 1 if the robot
succeeded to follow the person along the entire path (

∑
i li =

∑
i Li) and there

were no false positives (Nf = 0). The minimum possible value is μ = 0 if the
robot did not start (i.e., immediately lost the human at the start and thus∑

i li = 0) and each test was featured with a false positive (Nf = N).
A pedestrian walking speed depends on several factors including a person

age [7] and environment conditions [11]. Taking into account that the maximum
speed of the TIAGo Base robot is only 1 m/s, we tested the algorithms for two
human walking speeds of 0.5 and 0.9 m/s. Table 1 presents virtual experimental
results in the Gazebo simulation for MIL tracker and for Algorithm 1 (denoted
as Alg1). Both algorithms were tested at 0.5 m/s and 0.9 m/s walking speed of
a human with 100 runs for each speed.

In total, we conducted 400 virtual experiments. In each experiment, a person
walked along a corridor according to the preplanned route (Fig. 1e). The route
length in each experiment was 38 m. When a false positive was detected, the
experiment stopped and the total distance traveled by the robot was measured
at this point. MIL tracker demonstrated 41 false positives within 100 experiments
at a speed of 0.5 m/s and 49 false positives within 100 experiments at a speed of
0.9 m/s. Algorithm 1 did not provide any false positives within 100 experiments
both at 0.5 m/s and 0.9 m/s speed. The total accuracy score was calculated with
Eq. (5). For MIL tracker the score was 0.67 at 0.5 m/s and 0.57 at 0.9 m/s, while
Algorithm 1 demonstrated maximal possible accuracy score (of 1) at both speeds
due to a monocular camera and LRF data fusion approach.

3.2 Experiments in a Real World Environment

A set of real world experiments was conducted in the environment that served as
a source for Gazebo environment modelling (Fig. 1d). One male and one female
participated in real world experiments. The male wore black trousers (Fig. 2c, 2d)
and the female tested one pair of trousers and 2 different long one-piece garments
(Fig. 2e, 2f). We asked the experiment participants to stand at a short distance
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Table 1. Experimental results in the Gazebo simulation and in real environment for
MIL tracker and for Algorithm 1 (denoted as Algorithm 1).

Environment Simulation Real world

Tracker MIL MIL Alg1 Alg1 MIL Alg1

Average human
walking speed, m/s

0.5 0.9 0.5 0.9 0.5 0.5

Average distance
traveled by robot, m

28.2 24.1 38 38 19.1 28.9

Total false positives
number

41 49 0 0 14 0

Number of experiments 100 100 100 100 30 30

Total accuracy score 0.67 0.57 1 1 0.59 0.89

from the robot (between 20 cm and 1.8 m) and slowly walk a distance of 30 m.
If the tracker lost a person the robot stopped moving.

Our experiments demonstrated a stable behavior of Algorithm 1 regardless of
having clothes that completely cover human legs or allow to distinguish two sepa-
rate legs. Figure 2c demonstrates an experiment of following a person in trousers
that allow distinguish two legs. Figure 2e shows an experiment of following a
person in a long dress that does not allow distinguish two legs. Figures 2d, f
show examples of areas LRFimg, LRFp, Cimg, Cp and Cτ for people in different
clothes. The same experiments were conducted for the MIL tracker.

Table 1 also presents the results of 30 real world experiments. In these exper-
iments the robot speed was set to 0.5 m/s. Total accuracy score was calculated
using Eq. (5). Algorithm 1 demonstrated significantly better results of μ = 0.89
than the MIL approach with μ = 0.59. Moreover, while the MIL approach had
false positives almost in 50% of the experiments, Algorithm 1 did not have any
false positives in all 30 runs.

4 Conclusions and Future Work

In this paper, we presented a novel person tracking and following approach for
autonomous mobile robots that are equipped with a 2D laser range finder (LRF)
and a monocular camera. A LRF and a monocular camera data fusion improved
a person tracking reliability for indoor environments. The proposed method does
not impose restrictions on person’s clothes and does not require a head or an
upper body to be within a monocular camera field of view. This allows to employ
our method for low height indoor robots. Our algorithm was implemented in the
Gazebo simulator and validated with TIAGo Base mobile robot. In addition, we
proposed a new algorithm performance estimation criterion as a total accuracy
score, which is a function of false positives number and traveled distance by a
person and by a robot. The algorithm performance was compared with the MIL
tracker performance using the proposed accuracy score in the Gazebo simulation



Person-Following Algorithm 31

and in real world experiments with the TIAGo Base robot and demonstrated
significantly better results than the MIL tracker.

In this work, the algorithms were tested only in static environments with a
single walking person in a scene. As a part of our future work, we plan to extend
our algorithm to the case of multiple static and dynamic objects in a scene, to
increase a number of participants and clothing variety in real world experiments
and to validate the algorithm at a broad variety of human walking speeds.
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