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Abstract—The paper is concerned with the multi-robot leader-
following problem in the presence of frequent dropouts in vision
detection. In many scenarios, for instance a structured environ-
ment, it is inevitable to experience outage of vision detection due
to reasons such as the target moving out of view, vision occlusion,
motion blurring, etc. The paper proposes a Bayesian trajectory
estimation based leader-following approach that can offer accu-
rate path following given intermittent vision observations. The
follower robot estimates the trajectory of the leader robot based
on the noise-corrupted odometry information of both robots, and
inter-robot relative observations based on detection of fiducial
markers using an RGBD camera. A linear trajectory-following
control method is employed to track a historical pose of the leader
robot on the estimated trajectory. Results are obtained based on
evaluating the proposed leader-following approach in tests with
a zig-zag shaped trajectory and with a trajectory that contains
sharp turns.

I. INTRODUCTION

Multi-robot systems have been an active research topic
in areas of navigation and control. In applications such as
exploration, search and rescue, transportation, etc., a team of
mobile robots are usually required to travel and accomplish
specific tasks together in a kind of formation.

In a typical leader-follower robots configuration, the first
leading robot in the platoon defines the trajectory of the whole
group, while each of the rest robots is following its preceding
robot. The first robot could be teleoperated, self-navigating,
following a human operator, or moving along a predetermined
path. Consider the leader-following in convoy applications,
autonomous navigation task is left to the first robot only, while
each follower robot only performs relative localisation with
respect to the preceding robot using comparatively simpler
sensing and control techniques, which significantly reduce
development and monetary costs.

As the robot platoon can be decomposed into chained pairs
of leader and follower, as shown in Figure 1, for simplicity,
the leader-following problem discussed in the remainder of the
paper is defined within the scope of a such pair of robots, while
the proposed approach could be equally implemented for each
pair of consecutive robots.
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Fig. 1. A robot platoon decomposed into chained leader-follower pairs.

Most of existing leader-following approaches employ vision
sensors, e.g., camera [1]-[3], laser [4], or a hybrid of them
[5], to detect the leader as well as surrounding obstacles, as
they provide accurate relative measurements to visual features.
Vision sensors are however prone to occlusion by obstacles or
walls. Despite significantly lower cost than laser sensors, cam-
eras have more concerns raised from change of lighting con-
dition, motion blurring, limited field-of-view and/or detection
range, etc. A vision-based only approach proposed in [5] aug-
ments the camera’s field-of-view by employing a mechanical
servo system to keep the camera pointing to the leader, while
the follower in [3] rotates and starts searching once the leader
goes out of scene. However, vision occlusion is inevitable and
only intermittent vision observations are available in many
scenarios, e.g., a structured environment. Reference [4] tackles
the observation dropout issue through fusion of odometry
and vision information. The use of odometry data combined
with robot kinematic model enables motion prediction during
temporary outage periods of vision measurements.

The approaches in [1]-[5] only track the current pose of the
leader, and are effective when the robots are moving close.
In scenarios where the inter-robot spacing is larger, cutting
corners on turns could happen if the tracking is performed
without the knowledge of the leader robot’s past poses. In



this case, the follower risks hitting an obstacle or wall, and
it is required to replan an obstacle-avoiding path to recover
tracking. There are alternative approaches that follow the
leaders’s trajectory, and thus without the cutting corners issue.
Essentially, they are identical to tracking an estimated histor-
ical pose of the leader, either filtered or smoothed. The path-
following strategy presented in [6] picks and tracks a simply
“memorised” past position of the leader vehicle. Reference [7]
proposes to follow the leader robot with a constant time delay.
One of the shortcomings of the constant-time-delay concept is
the unnecessary cloning of the leader’s behaviour. For instance,
if the leader was stopped by an obstacle a few seconds ago
and now resumes moving, the follower will repeat the same
action even if its way is not obstructed.

The paper proposes a probabilistic trajectory estimation
based leader-following approach that can work with intermit-
tent vision measurements. The robot pair can communicate
with each other so that the odometry information of the
leader robot, although corrupted with noise, is shared with
the follower in real time. An RGBD camera mounted on the
follower robot is able to measure the bearing and range (from
image depth information) relative to the leader robot. A particle
filter running in the follower robot estimates the trajectory
of the leader robot within a sliding time window, based on
the odometry data of the robot pair and intermittent vision
observations. It is followed by a linear trajectory-following
control algorithm to track a historical pose of the leader robot
picked from the estimated trajectory. The use of trajectory
estimation is advantageous as the estimate of the historical
pose is smoothed with observation up to a later time.

The remainder of the paper is organised as follows. Section
II presents Bayesian estimation formulation of the trajectory
estimation and the particle filtering algorithm. The control
method is elaborated in Section III. The evaluation results of
the approach are presented and discussed in Section IV. Lastly,
Section V concludes the paper.

II. PROBABILISTIC TRAJECTORY ESTIMATION
A. Robot Kinematic Model

The pose of a robot at time step ¢ could be denoted by a
state vector describing its coordinates and heading information
T
Xy = [ﬂﬁt Yt 9t]
The kinematic model for a differential-wheel robot is written
as )
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where vy and w; are the instantaneous linear driving velocity
and steering angular velocity of the centre point of the robot
at time step ¢, respectively. Given d as the distance along the
axle between two wheel centres, they can be easily obtained
from the linear velocities v/ and v} of two driving wheels by

=1+ E)

where v! and v} are grouped into a wheel control vector uy,
because they are more intuitive for controlling a differential-
wheel robot; w! and w} are mutually independent random
variables representing additive process noise to left and right
wheels, respectively.

The process noise is introduced to incorporate dynamic
nonidealities because in most of circumstances, the assumption
that the control commands are ideally executed by the robot
electromechanical system does not hold. These nonidealities
include nonplanar surface, wheel slippage, gear backlash,
encoder quantisation error, motor deadzone and saturation, to
name a few. For this reason, the process noise is not necessarily
Gaussian. The kinematic model can also be rewritten in the
probabilistic form of P (X¢|X¢—1,uy).

B. Inter-Robot Relative Observations

Thanks to recent advances in computer vision, fiducial
marker tracking libraries, e.g. ARToolkit [8], ArUco [9],
ARTag [10], which have been extensively used in augmented
reality, enable fast and accurate measurement of robot bearing
in the use of an ordinary RGB camera. Many fiducial markers
also provide unique identity information, which overcomes
the data association problem. An RGBD camera is preferred
over an RGB camera in the approach so as to additionally
produce accurate range observations converted from image
depth information.

These inter-robot bearing and range observations are condi-
tional on current states of both robots, and are corrupted with
their corresponding random observation noises. A probabilistic
inter-robot observation model is written as

P (47 )

where zfﬁf represents the vector of bearing and range mea-
surements of the leader robot relative to the follower robot at
time t; x. and x{ denote the states of the leader and follower
robots at ¢, respectively.

In the observation model, we define an effective detection
area of fiducial markers in front of the camera by taking into
account the field-of-view (FOV) of the camera as well as min-
imum and maximum detection ranges. When the markers are
within the effective detection area, we also define a successful
detection probability considering environment interference and
motion blurring.

C. Bayesian Estimation

Define a sliding most-recent time window T’,,, within which
the trajectory of the leader robot is of interest for estimation
by the follower robot. To achieve this, we keep the temporal-
spatial joint states of the leader robot from a historical time
step k — Ty, + 1 up to the current time step k as well as the
follower robot’s state at k. Estimates are updated using relative
observations between the leader and follower robots generated
at time k. Recursively, we have the joint posterior inferred
through two stages.
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The prediction stage for the leader-follower robot pair is
written as

l f
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where P (ch—Tw:k—hxi—l‘Zlik*l) is the prior distribution,
P (xﬂxﬁc_l,ui) represents the kinematic model of the leader

robot given control vector uéc at time step k, while the model

for the follower robot is denoted by P (xk |xk 1 ui)

Since the trajectory estimation of the leader robot is carried
out in the follower robot, the control vector ué is assumed to
be known to the follower robot in real time through wireless
communication.

The update stage is written as

l
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The advantage of keeping track of the joint state space is that
estimates of historical states can be smoothed with “future”
observations.

Since only relative observations are employed in the trajec-
tory estimation process, the poses of the leader robot have to
be translated to the local reference frame of the follower robot
at time step k.
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where the orthogonal rotation matrix R (f) =
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D. Farticle Filtering Algorithm

Particle filtering is better suited to the tracking problem
discussed in this paper over its parametric counterparts. Para-
metric filters, such as Kalman filter and its variants, are
considered an ideal choice only in systems where Gaussian
assumptions hold. In otherwise applications, such as the one
investigated in the paper, the particle filter is able to deal with
nonlinear and non-Gaussian components intrinsically, whilst
the use of parametric filters inevitably brings linearisation
and/or approximation errors in model parameterisation pro-
cesses, which degrade their tracking performance significantly.

The particle filter running within the follower robot
employs a collection of L particles to approximate

P ch—Tw+1:k’X£|Z11k)' From the particles the trajectory of
the leader robot is computed at each time step for the purpose

of path-following control of the follower robot.
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The particle filtering algorithm is initialised to represent the
initial state by drawing:

{Xo >Xo 7“’0}: 1NP<X0aX())c)

The algorithm is presented in Table I in the form of a
pseudocode. Resampling is used in the algorithm when the
effective particles quantity Ne t7 1s below a threshold Ny, to
prevent weight degeneracy.

We then obtain the estimated trajectory f(ﬁc’lj”Tw 415 Of the
leader robot within the local reference frame of the follower
robot at time step k.
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III. TRAJECTORY-FOLLOWING CONTROL

Given ’A‘Q}ij 1. describing the estimated trajectory of the
leader robot from Section II-D, an appropriate function fy is
required to pick a point from the trajectory

Xa = fa (’A‘ﬁfTwH:k)
where X4 = [za ya 04 T serves as the estimated de-
sired/reference pose for the path-following controller at the
current time step. It should meet user-defined selection criteria,
for instance, a differentiable point on the trajectory that has a
certain travel distance and/or straight-line distance to the latest
position of the leader robot. In addition, reference tangential
and angular velocities are required and calculated by

Vd| _ + $¢21+y§
wd 04

where v, is a positive value when the leader robot is moving
forward, and a negative number if moving backward.

A linear trajectory-following control algorithm is adopted
to produce the control vector u£ 41 for the follower robot at
the next time step k + 1.
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where coefficients k1 = k3 = 2(\/w3 + bv?, ko = blogl; 0 <
¢ < 1 is a damping coefficient, and b > 0 is introduced as
an additional degree of freedom. Please note that ¢ and b are
the only two parameters for the trajectory-following control
algorithm. Interested readers can refer to [11] and [12] for
details of the controller.

IV. EVALUATION
A. Setup

A full list of evaluation parameters is presented in Table II.
The vision related parameters are set based on detection of an
ArUco board attached to the back of the leader robot using
Kinect for Windows v2.

Student’s #-distribution is used to generate independent and
identically distributed kinematic process noise for each wheel.
It is heavier-tailed than Gaussian, which means that it is
more likely to produce samples that fall far from its mean.
The Student’s r-distribution used is formulated by St (0, A, v),
where v = 3 is degrees of freedom, and the precision
A = 1200. It approaches normal distribution A (0,0.052)
when v increases to co. Although the leader robot is moving
along a predetermined path, its odometry data are intentionally
corrupted with the process noise before transmitted to the
follower.

Triangular distribution is used in inter-robot bearing mea-
surement noise, which could be represented in the form of

VB fo—p| < JoE
Tri (MO_Q) _ { o7 for |z — p| < V6o

0 elsewhere

where the mean ;¢ = 0 and the standard deviation ¢ = 2
degrees.

B. Performance Metrics

Root-mean-square error (RMSE) is used to quantify po-
sition accuracy in trajectory estimation and path following.
Three RMSE values are calculated to measure estimation
performance.

1) e4rq;: the RMSE of the leader’s trajectory estimate at the
time step ¢t w.r.t the corresponding segment of ground
truth trajectory,

2) ejpos: the RMSE of the leader’s current location estimate
w.r.t the corresponding ground truth point,

3) ecpos: the RMSE of the position of the reference pose
estimate xg w.r.t the corresponding point on the ground
truth trajectory.

We also compute e;, which stands for the RMSE of the
follower’s current location w.r.t the control point, to evaluate
the performance of path-following control.

Lastly, efpos is calculated to represent the RMSE of the
follower’s location w.r.t the corresponding ground truth point.

C. Results

In the first test, the leader-follower robots are initially placed
on a 2D plane with a separation of 1 m. The leader robot is set
to move at a constant linear velocity of v/ = 1.5 m/s, while
its heading is given as a function of time

m 27t
0i = 5 COS (14>

TABLE II
TESTING PARAMETERS

Parameter Value
total Monte Carlo cases 50
total time duration 60 s
iteration period 33.3 ms

kinematic process noise in each wheel
vision observation noise in bearing
vision observation noise in range
vision detection success rate

vision detection max. range 4 m

St (0,1200,3) m/s
Tri(0,2) deg
N (0,0.05?) m
0.8

vision detection min. range 0.5 m
camera horizontal FOV 70 deg
camera FPS 30
initial position interval 1 m
following distance 3m
particle quantity L 2000
¢ in path-following controller 0.7
b in path-following controller 1.05
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Fig. 2. Trajectories of the leader robot and the follower robot of 50 Monte Carlo runs of the proposed approach. The line segments marked grey in the figure
represent positions where the follower loses vision detection due to the leader robot moving out of FOV. From left to right, the figure also shows the positions

of the robot pair at t = 0, 19, and 56 s.
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Fig. 3.  Mean RMSEs of 50 Monte Carlo runs. It is shown that most of
the time ecpos is lower than €lpos and with smaller fluctuation. As revealed
in the figure, the estimation errors grow fast during vision detection outage,
which happened 8 times in the test. It is however observed that in each outage
period, ecpos increases at a slower rate than €lpos-

which forms a zig-zag shaped trajectory when time goes on,
as illustrated in Figure 2. At every time step, the reference
pose x4 for path-following control is set to be the point on the
leader’s estimated trajectory with a travel distance of 3 m to
the current position of the leader robot.

Figure 2 also summaries trajectories of the follower robot
from 50 Monte Carlo runs of the proposed leader-following
approach. The trajectories are overall close to the leader’s,
showing accurate trajectory estimation and path-following con-
trol using the proposed approach. The zig-zag shape of the
leader’s trajectory however guides the leader to move out of
the FOV of the follower’s camera periodically.

As observed in Figure 2, the follower’s trajectory tends to
deviate from the leader’s when the follower fails the vision
detection of the leader for seconds. The grey segments in

Figure 2 highlight those observation dropout periods. It can
also be seen in Figure 3 that during each such detection outage
period, the errors in trajectory estimation, i.e., €pos, €traj, and
€cpos>» grow fast as in this situation the estimation algorithm
has to rely on odometry data only, which contain kinematic
process noise.

Furthermore, the follower’s position error ej,s increases
along with the position error at the control point e.p,s, because
the controller always sets the estimated historical pose x; on
the leader’s trajectory as the desired pose of the follower. The
averaged eyp0s 1S about 0.03 m before an observation outage
happens, as shown in Figure 3. The error then accumulates
over time, peaking at 0.08 m just before the outage finishes. As
soon as the follower’s camera recaptures the leader robot, the
errors in trajectory estimation drop noticeably. Nevertheless, it
takes a longer time for the controller to correct the accumulated
position error ey, of the follower.

The test highlights the benefits of using a smoothed his-
torical pose estimate as the reference point for path-following
control. It can be summarised from the test results that 1)
€cpos 1s generally lower than ejp,s and 2) ecpos grows at a
slower rate than e;,,s during a vision detection outage period,
both because of the reference pose estimate x4 being smoothed
using “future” observations. Nevertheless, it is also observed
that e, s slightly larger than e.pos, Which can be explained
by non-zero e, existing in path-following control.

Another test is performed to evaluate the algorithms when
the leader robot makes sharper turns. As demonstrated in
Figure 4, the leader robot moves around a polygon shaped
building and sequentially makes three turns that are increas-
ingly sharper, which are 45°, 90°, and 135°. At each turn,
outage of vision detection happens due to a combination of out
of FOV and occlusion by corners. The same set of parameters
in Table II is used in the test, expect for a new total time
duration of 32 s and a different leader’s trajectory.

Figure 4 summarises follower’s trajectories together with
the leader’s from 50 Monte Carlo runs. It demonstrates again
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Fig. 4. Trajectories of the robot pair moving around a building. Sequentially, the leader takes three turns that are increasingly sharper. a) shows the path-following
results with vision detection from 50 Monte Carlo runs. The grey line segments in the figure represent positions where the vision detection outage happens due
to the leader out of FOV of the follower and/or vision occlusion. The positions of the robot pair at t = 0, 11.8, and 32 s are also shown on the left, top,
and bottom of the figure, respectively. b) illustrates the dead-reckoning results from 50 Monte Carlo runs, which are obtained by disabling vision detection and

performing kinematic prediction based on odometry data.

the accurate trajectory estimation and path-following, and also
the turning of the follower without cutting corners using
the proposed approach. As a comparison, the evaluation is
also performed without vision detection. The dead-reckoning
results presented in Figure 4 show severe deviations from the
leader’s trajectory due to accumulated odometry error.

V. CONCLUSION

The paper proposes a Bayesian trajectory estimation based
leader-following approach that can work with the presence of
frequent dropouts in vision detection. The approach performs
probabilistic trajectory prediction for the leader robot using
noise-corrupted odometry measurements of both robots, and
corrects the accumulated odometry error in the use of inter-
mittent inter-robot relative observations that are obtained by
detection of fiducial markers using an RGBD camera.

Evaluation results conclude that using the proposed ap-
proach the follower robot is able to 1) accurately follow the
trajectory of a leader robot performing zig-zag movement,
which causes periodic vision detection dropouts, and 2) turn
without cutting corners when the leader is making sharp turns.
The results are achieved mainly due to the use of smoothed
historical pose from the leader’s estimated trajectory as the
reference point in path-following control.

More simulation tests and field experiments are expected in
the future for further evaluating and improving the proposed
approach. Also, the approach can be improved by incorporating
other low-cost sensor information, for instance, ultra-wideband
communication based ranging, inertial measurements, etc., to
constrain the growth of location uncertainty of the leader robot
during the outage periods of vision detection.
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