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Anticipatory Control on Human-Following
Robots Using Online Deep Model Predictive
Control

Shun Gui and Yan Luximon

Abstract—Mobile robots face challenges when collabo-
rating with humans in crowded and occluded environments.
To tackle this issue, we propose a solution called online
deep model predictive control (Deep-MPC) and apply it
to human-following robots. Deep-MPC incorporates a 3D
human detector, an online learning transition model, and
a data-driven MPC framework. Specifically, the 3D human
detector generates the target’s 3D bounding box, while the
transition model predicts future states, enabling anticipa-
tory control. By combining the 3D bounding box’s inter-
section over union (loU) and state anticipation, we propose
a novel evaluation metric that enhances the following ro-
bustness. The data-driven MPC framework optimizes robot
actions using the neural network of the transition model,
and online learning occurs through autonomous interac-
tion with the environment, eliminating the need for system
modeling and controller design. To validate our method,
we conducted extensive real-world human-following exper-
iments, demonstrating its superior performance compared
to some existing methods, skeleton-based methods and
approaches without Deep-MPC.

Index Terms—Anticipatory Control, Model Predictive
Control, Human-following Robot, Online Learning

[. INTRODUCTION

OBILE robots have gained significant importance in

various industrial and service fields, with diverse appli-
cations, including industrial mobile robots and service robots
[1]. In certain scenarios, mobile robots need to collaborate
with humans to transport goods, such as following human tra-
jectories to assist with material handling in factory workshops
or logistics warehouses, or following passengers to transport
luggage in airports. In these scenarios, continuous human-
following is essential for mobile robots [2]-[4]. Currently,
there are many studies on human-following robot. Leigh et
al. [5] utilized a 2D laser scanner to achieve human following
both indoors and outdoors. Ferrer et al. [6] introduced a new
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framework for socially-aware human-following, which enables
robots to walk alongside humans in urban environments. Lee
et al. [2] integrated deep learning methods and variational
Bayesian techniques to achieve robust human-following for
home service robots. Toan et al. [7] proposed a leg detector
to achieve human-following in mixed environments. However,
few studies conducted in-depth investigations of scenarios
with multiple people occlusions. Siva et al. [8] extracted
three features, namely histogram of oriented gradients features,
GIST features, and local difference binary patterns features, to
detect humans for human-robot robots in scenarios where there
are significant changes, such as entering-exiting a mine.

In scenarios with multiple people occlusions, human-
following robots are prone to losing following of the target
or misidentifying other individuals as the target. Therefore, in
occlusion-rich environments, it is crucial to define the criteria
for robot following failure, that is, the conditions under which
the robot should determine the failure and re-identify the
target. In many existing studies [2], [9] on human-following
robots, following failure is commonly defined as losing the
target without providing quantifiable criteria. This may be due
to the fact that most research does not consider scenarios with
multiple people occlusions. Furthermore, in some studies on
human tracking, trackers, including Nearest-neighbor tracker
[10], and multi-hypothesis tracker [11] were employed for
tracking targets. The CLEAR-MOT metric [12] was commonly
used to evaluate the performance of these trackers, but in
human-following robots, the relative position between the
followed target and the robot is crucial, which these track-
ers typically do not consider. Our study focuses on scenes
with multiple people occlusions through formulating human-
following metrics, which better reflects practical applications.

In order to enhance the robustness and reduce latency of
human-robot following, some research has focused on antici-
patory control [13]. For instance, Wang et al. [14] developed
a neural network that consumes skeleton data to predict the
target’s skeleton state half a second in advance, and the
robot performs the following action accordingly, leading to
improved following robustness. Chen et al. [15] developed a
new algorithm to predict the human’s future position based
on the current position and orientation using a human-walking
model, to achieve smoother and faster human-following. How-
ever, these studies only predicted one future state and did
not test the approach in occluded scenes. To further improve
the robustness of human-following in occluded scenes, we
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adopted a model predictive control (MPC) framework to pre-
dict multiple future states of the target for optimizing current
actions. As our method possesses the prediction capability, we
proposed a novel human-following metric combining 3D IoU
and state anticipation, which demonstrates better performance
in experiments. Furthermore, there is a limited amount of
research that specifically focuses on the occlusion challenges
in the context of human-following robot tasks.

Several studies have explored the integration of deep learn-
ing and Model Predictive Control (MPC) methods. One of the
most relevant categories of research to our study is learning the
dynamics of a system using neural networks [16]-[18]. Hansen
et al. [19] proposed the TD-MPC method, which utilizes neural
networks to learn the system’s dynamics and combines model-
based and model-free reinforcement learning approaches to
achieve optimal control strategies. [17], [18] leveraged cross
entropy method [20] or reinforcement learning algorithm to
optimize the actions based on the neural network-based dy-
namic. However, the utilization of fully online neural network
dynamics with gradient backpropagation in real robots is rarely
addressed in existing research. Our approach, on the other
hand, is particularly well-suited for real-world robot tasks.
Furthermore, Lucia et al. [21] utilized deep neural networks
(DNNp5) to offline approximate the optimal control policy for
MPC problems, subsequently employing this approximation
for online control. Similarly, Karg et al. [22] leveraged DNNs
to approximate the optimal control law of MPC. In these
studies, neural networks were used to replace MPC to achieve
real-time control. Farshidian et al. [23] introduced a Deep
Model Predictive Control (DMPC) approach, where an MPC
policy was utilized as an actor to interact with the environment,
collecting data for training a critic model represented by a
neural network. In a similar vein, Elnour et al. [24] employed
a neural network to learn the dynamics of sports facilities
and subsequently applied MPC methods to address the cor-
responding problem. Lenz et al. [25] also proposed a variant
of DeepMPC; however, it required manual data collection
and offline training of the dynamics model. In contrast, our
method achieves fully online learning and control without any
manual intervention, rendering it well-suited for real-world
applications.

With the advancement of robot learning technology, many
studies have emerged that focus on improving robot behavior
through interaction with the environment [26], for tasks such
as robot manipulation [27], navigation [28], and quadruped
locomotion [29]. Some studies [19] also employed MPC to
achieve task learning, but their performance was only tested in
simulation tasks. Enabling robots to learn how to accomplish
tasks in the real world is a crucial aspect of robotics research.
In this context, we explored how to teach human-following
robots’ behavior, which we believe to be a meaningful en-
deavor.

In this paper, we applied 3D object detection techniques for
human detection in novel scenes, serving as visual input for
a robotic system. Leveraging 3D object detection technology
and MPC, we proposed a new metric that combines 3D IoU
and state anticipation to determine human-following failure in
occluded scenarios. To achieve state anticipation, we proposed

a Deep Model Predictive Control (Deep-MPC) approach,
which is a data-driven method that exploits online learning
from data collected during robot-environment interactions to
infer the system’s future states and optimize the robot’s
current actions. Deep-MPC employs a neural network as the
state transition module, taking states and actions as inputs
and predicting the subsequent state. The method performs
predictions to obtain predicted states for N steps, calculates
the loss function by comparing these states to the target state,
and finally optimizes the actions at each time step through
gradient backpropagation. Deep-MPC is a fully online learning
approach wherein the human-following robot interacts with
the environment, using collected data to optimize its model
and learn action policies. One of its advantages compared
to existing human-following robot control methods is that it
does not require manual construction of the robot’s motion
model or the design of a controller, as these operations are
autonomously learned through Deep-MPC.

We applied our proposed method to real human-following
robot tasks, conducted online learning, long-term following
experiments, experiments in occluded and crowded scenes, and
outdoor human-following experiments. Furthermore, we com-
pared our method with some existing methods, 3D skeleton-
based methods and methods without the Deep-MPC. Our
method achieved higher success rates in the same occluded
scenes and exhibited better robustness in more severe occlu-
sion. Our main contributions are as follows:

o We proposed Deep-MPC, a method that enables online
learning and anticipatory control, and applied it to human-
following robots.

« We proposed a novel metric for evaluating failures in
human-robot following that combines 3D IoU and state
anticipation.

o We conducted extensive real-world human-following ex-
periments in challenging environment to validate the
advantages of our proposed method.

[l. REAL-TIME 3D HUMAN DETECTION

Most existing 3D object detection methods heavily rely on
3D annotated datasets [30]; however, it is not very efficient
for real-world robot applications to manually label many 3D
bounding boxes due to the diversity of application scenarios
for robots. To achieve handy 3D object detection on robots,
we adopted a 3D detector named Recursive Cross-View (RCV)
[31], which takes point clouds as input and outputs 3D bound-
ing boxes. RCV circumvents the laborious task of manually
labeling 3D annotations by transforming 3D object detection
into several 2D detection through the three-view principle and
recursive optimization. Compared to 3D labeling, 2D labeling
is greatly simpler and easier. Furthermore, with the maturity
of 2D detection technology, it is possible to obtain a reliable
2D detector through training on several hundred 2D boxes.
After spending several hours annotating 2D data and training,
RCYV can perform 3D human detection, as shown in Figure 1.
Despite limited computing power (Nvidia 1060) on a mobile
robot, it attains at approximately 8fps on a live RGB-D stream.
As a consequence, we applied it to a mobile robot, endowing
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Fig. 1. The performance of RCV for 3D human detection on our own
dataset.

the robot with the ability to perceive the 3D physical world.
Using this capability as a foundation, we further devised the
robot’s anticipatory control and autonomous learning model.
Please refer to [31] for more details.

I1l. ANTICIPATORY CONTROL
A. Deep Model Predictive Control

Model Predictive Control (MPC) is a type of advanced
control strategy that uses a mathematical model of the system
being controlled to predict future behavior and determine
the optimal control actions to achieve desired objectives.
Generally, MPC can be described as Eq.(1).

t+H

min Y F(s;,§) (1)
di i=t+1

S.t.
sivt = T (si,a;)

where F is the cost function that measures the distance
between s; and $;. s; is the state at time i, and $; is the goal
state at time i. H is the horizon. T is the transition function
of the system. a; is the action adopted by the system at time
i.

MPC possesses the capability of anticipatory control, as
it rollouts the future states H-steps ahead and utilizes them
to optimize the current actions. To achieve that, one needs
to formulate the mathematical or physical model of system
transitions, which can sometimes be difficult or even infeasi-
ble. In this paper, we propose Deep-MPC, which is an online
data-driven MPC that enables learning from scratch. In other
words, a robot can learn how to finish a task without any prior
knowledge of system transitions by using Deep-MPC. Figure
2 demonstrates the overview of Deep-MPC. Here, a neural
network is leveraged to learn the transition function, that is 7,
see Section III-B for more details.

In Deep-MPC, a robot captures environmental data using an
RGB-D sensor, which is subsequently processed by RCV, a 3D
object detector. RCV yields the status of objects in relation to
the robot, providing spatial information for motion planning
and control. Then, the robot rollouts H steps using 7. At each
step, the robot samples an action (a;), which is then fed into
T along with s;. As a consequence, an anticipatory state s;
can be generated by T. Repeatedly, an anticipatory sequence
of states can be obtained, as shown in Figure 2. Compared
with expected states, §; in Figure 2, by loss function (F),
we can obtain the total loss of anticipatory states, which is
leveraged to optimize actions. Note that the expected states

Fig. 2. Overview of Deep-MPC. The red arrow indicates state percep-
tion, the black arrows represent forward data flow, and gray curved
arrows denote gradient back-propagation. T is the transition model
formulated by a neural network.

are manually specified by a human operator; for instance,
in our experiments, the human-specified expected coordinates
(x=0, y=2.2m) relative to the robot are utilized. The state (s;)
observed by the robot is generated from the center point of
the 3D bounding box detected by RCV.

Once the anticipatory sequence of states (s;{i=7+1,...t +
H}) and actions (a;{i =¢+1,...t + H}) is obtained, a gradient-
based optimization method can be applied to optimize the
actions, as the transition model (7') is implemented as a neural
network. The flow of gradient is shown as gray curved arrows
in Figure 2. The update law is shown in Eq. (2).

0 Zt +H I,

n S

n=t+i+1
9 2)
where 7 is the learning rate, and [, = F(sy,,§,) is the loss
at step n. Specifically, a; affects only the loss generated in
the subsequent time steps, that is from 74i4-1 to t+H. In this
manner, all actions can be planned to decrease the total loss.
In general, the control law for Deep-MPC can be summa-
rized as follows:

a; < a; —

t+H
min Y [|s; — &[> 3)
4=t
S.t.
a; = P(Si)
Siy1 = Tp (s,-,ai, 5Z) +5;

9 ZI+H

n=t-+i+1 [lsi—ill>

ai—a—n for 0 to H

a;
[y 9|\Si+1*(Togiéaiﬁf)ﬂ‘i)ﬂz

for every k steps

where s; € R!*? represents the position (x,y) of the followed
target in the robot coordinate system. a; € R!*? represents the
forward velocity and rotation velocity of the mobile robot,
and & € R'™! represents the gap time between s; and s;1.
The output is the next state s;y;. Next, we introduce each
components of Deep-MPC in detail.

B. Transition Model

In MPC, the transition model (7p) is employed to anticipate
the succeeding state. In some previous studies, researchers
formulated a neural network that directly predicts next state
based on the current state and action, as shown in the left-hand
side section in Figure 3 and Eq.(4).
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siv1 = To(si,a;) €]

where O represents the parameters of a neural network. By
contrast, we propose a new structure, see the right-hand side
section in Figure 3, which utilizes a neural network to predict
the state’s rate of change, given the current state, action, and
interval. This is inspired by the state equation of a system, see
Eq. (9).

i =As—+B
{S R a (5)

y=Cs+Da

where A, B, C, and D are coefficient matrices. s, a, and y
refer to the state, action and output of the system, respec-
tively. Specifically, the differential equation express the state
variables as time derivatives, describing how the system’s state
changes with respect to time. The response of the system,
given initial states and inputs, can be derived. Inspired by
this, we employ a neural network, specifically a MLP with
ReLU as the activation function, which does not include any
recurrent units. This neural network is used to simulate the
differential equation and predict the next state, as depicted in
Figure 3 and described by Eq. (6).

Sit1 = Tg(si,ai,ét)+si (6)

where 8¢ is the interval between s; and s;;1. In experiments,
we observe several advantages of this architecture, including
faster convergence rates, and reduced prediction errors result-
ing from data scarcity in early robot task learning. Similarly,
this architecture can be viewed as a form of skip connection
[32], but we only implement skip connections for a subset of
the input.

We adopt an online mode to train the transition model,
as illustrated in Figure 4. The implementation details can be
accessed in the Appendix. The update law is shown in Eq. (7).

A||sit1 — (To(si,ai, 6t) +5:)|> 7
a0

The robot executes actions in the real-world environment
and collects state transition data (s;,a;, 6;,5;11), which is then
used to train the transition model. At each step, the robot
captures environmental data using an RGB-D sensor, which
is subsequently processed by RCV, which yields the status
of objects in relation to the robot. For further details on the
training process, please refer to the next section.

0+ 06—«

C. Anticipatory Control

In this section, we developed a complete anticipatory control
algorithm, see Algorithm 1, which can be applied to mobile
robots, based on the Deep-MPC and the transition model. A
mobile robot is outfitted with a 3D human detector (RCV) that
has been trained for the purpose of detecting humans in a 3D
space. Additionally, the robot is equipped with sensors that
can capture RGB and point cloud data from the environment
in real time. The robot performs the following operations:

1) Executing Deep-MPC based on current state perceived

by RCV. In each rollout, a proportional controller (P) is

Predict state variations
[ =

O,

S,
S,
—> w D>
“ 9

Fig. 3. Transition models. The left-hand side represents a direct tran-
sition model that predicts the next state based on the current state
and action, while the right-hand side represents a transition model that
predicts state variations. A multi-layer perceptron (MLP) with ReLU as
activation function is applied.

Directly predict next state
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o-Bho
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Fig. 4. Online training of the transition model.

leveraged to compute a coarse action. After anticipating
H steps ahead, a gradient descent algorithm is employed
to optimize all actions with the aim of minimizing the
distance between the anticipated states and the target
states.

2) Executing the first action, followed by perception of the
environment to obtain the next state. Note that we utilize
receding MPC, which involves using the transition model
to predict future states and optimize actions over a finite
time horizon; however, only the first action is performed.

3) Collecting transition data of the robot, then updating
the transition model.

In the first operation, we employed a simple proportional
controller to generate initial robot actions, which accelerates
the convergence rate of action optimization compared to
random sampling or training a policy network. This approach
leads to improved efficiency of robot learning by allowing the
optimization process to converge more quickly to an effective
solution. Note that this simple proportional controller does
not utilize any knowledge of the system dynamics, which
means that the robot is still able to learn independently how to
perform the task. All operations are executed online, allowing
the robot to collect data and optimize its model simultaneously,
and to learn how to complete tasks quickly by interacting with
the real environment as much as possible. This approach is of
significant importance for robot applications, as it reduces the
need for complex modeling processes and enhances the level
of intelligence of the robot.
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Algorithm 1 Anticipatory Control on Mobile Robots
Require: Create an empty buffer D, a proportional controller
P, anticipatory horizon H, expected states {35 '}.
Require: Initialize neural network Ty with parameters 0, and
a mobile robot with a RGB-D sensor.
Require: Trained RCV model.
while not ended do
Capture environmental data using an RGB-D sensor and
note as env.
so < RCV(env)
for i< 0 to L do
/I Deep-MPC
for h<~0to H—1 do
ajrp < P(sizn) {// P controller as a coarse Actor.}
Sivht1 < To(Siphn,Qivn,0t) +Siyn
livhet < |1$h— sienir||
end for
for step < 0 to n do
Update {a"7~'} using Eq.(2)
end for
/I Environment Interaction
Perform a; on the mobile robot.
Capture environmental data (env) using an RGB-D
sensor.
si+1 < RCV(env)
Add experience to buffer D < D | (s;,a;, 6t,5i+1)
// Transition Learning
for every k steps do
Perform a gradient descent step on
(To (sryar) +s;)||> with respect to 6.
end for
end for
end while

I[s:+1 —

D. Following Metric

Initially, we established the criteria for robot following
failure, as many prior studies lacked a quantitative definition of
when robot following is considered unsuccessful. In occluded
or crowded environments, other individuals may be present
around the target being followed. Hence, we determined that
the robot’s following has failed if either (1) the distance
between the target detected in two consecutive successful
detections exceeds a predefined threshold or (2) the robot
loses the target for a prolonged period or the target
moves out of range. To elaborate on the first criterion,
we suggested that the robot should continually perceive the
target’s position over time. However, in multi-person occlusion
scenarios, this continuity may be disrupted when the target is
temporarily blocked from view. If the disruption surpasses a
specific threshold, the robot may not accurately determine the
target’s position, necessitating re-identification of the target.
It is pertinent to note that the re-identification process is not
within the scope of this study and will be addressed in future
research.

For the first criterion, some metrics can be applied, such
as Euclidean distance. Furthermore, our method benefits from

* M > threshold © .
* Close to anticipation

(@) « M > threshold (b) M > threshold
* Close to anticipation

t+n P t+n

Fig. 5. A novel metric that combines 3D loU with state anticipation. The
red person is the target that the robot is following, while the grey person
is considered as a disturbance.

3D object detection technology, which enables us to achieve
continuous following of a particular individual, based on 3D
intersection over union (IoU). The continuity of human motion
over both space and time leads to the intersection of 3D
bounding boxes detected at two closely spaced moments, see
Figure 5(a), which can be exploited to ensure that a robot can
continuously follow a target. However, the 3D IoU metric fails
to work when the target is occluded for an extended period
of time, as illustrated in Figure 5(b). For example, when the
target is occluded and then re-detected by the robot after a
period, the 3D bounding box detected at this moment does
not intersect with the one detected in the previous moment,
making it impossible to utilize 3D IoU to continue following
the target. Additionally, in crowded scenes with occlusions, as
shown in Figure 5(c), it is highly possible to detect multiple
3D boxes that intersect with the previous target box, rendering
the 3D IoU-based method ineffective.

To alleviate this issue, we proposed a novel metric that
combines 3D IoU with state anticipation, represented by Eq.

(®).

M= (1—o)U(B;,Bs1n) +0omax(0,1 — F(s;11,5:1n)) (8)

where U is the function that computes 3D IoU between B; and
Bi+n, F is the function that measures the distance between
two states. s;4, is the state detected at ¢+ n, 5,4, is the
state anticipated by our method at ¢ +n, o is a factor that
balances these two components, and & =0.1(n—1). n refers
to the detection interval between two successful detections.
Specifically, n = 1 indicates that the target has been detected in
two consecutive detections. n > 1 implies that the target is not
detected for n— 1 times between two successful detections. We
set a threshold for the metric M, such that when M falls below
this threshold, the detection is considered a failure, indicating
that the algorithm failed to detect the target. The algorithm
then proceeds to the next detection. Figure 5 demonstrates the
metric. In Figure 5(a), M is equal to the 3D IoU between
the two boxes, as both detections are successful. In Figure
5(b) and (c), due to reasons such as occlusion, the robot fails
to detect the target for n — 1 times between two successful
detections, but detected the target at 7 +n with a state close to
the anticipated state (indicated by the green arrow). Since M
exceeds the threshold, the detection is judged as successful.
Note that when n>9 (criteria (2)) and the target is still not
detected, we regarded the task as failed. The experimental
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Fig. 6. Convergence speed and error values of two transition models.

results demonstrate that the proposed metric can improve the
following stability of the robot in occluded scenarios.

To ensure a fair comparison of the characteristics of these
three metrics, namely Euclidean distance, 3D IoU, and M,
we established thresholds for each of them. Specifically, the
Euclidean distance threshold was set at 0.4m, the 3D IoU
threshold was set at 0.2, and the M threshold was set at
0.2 as well. It should be noted that, in our experiments, we
calculated the average Euclidean distance corresponding to 3D
IoU values close to 0.2, which was approximately 0.4m. As M
is on the same scale as the 3D IoU values, we used the same
value for its threshold. In our comparative experiments, we
evaluated the impact of these three metrics on the experimental
results. Our newly proposed metric, M, demonstrated superior
performance compared to the other two metrics.

IV. EXPERIMENTS

A. Platform

We assembled a physical mobile robot as an experimental
platform for our study. The equipment used in the platform
consisted of a TurtleBot2 mobile robot, an RGB-D sensor
(Azure Kinect DK), and a laptop computer with an Intel Core
i5 8" CPU and a Nvidia 1060 GPU. Our method can achieve
a control rate of around 6Hz.

B. Comparison of Two Transition Models

In Figure 3, we mentioned two transition models: one that
directly predicts the next state, and another that predicts the
rate of change of the state. Here, we compared the performance
of these two models. As our method employs online learning,
where the robot updates the model while interacting with the
environment, we aim for the transition model to converge as
quickly as possible with minimal early training error. The
training data for the two models were obtained from our
previous study, where we collected 2,000 state transition data
sets for training. It’s worth noting that all hyperparameters
were configured identically for both models. Figure 6 shows
the convergence speed and training error of the two models,
and it is evident that our proposed model exhibits exceptional
performance, making it better suited for robot online learning
scenarios.

C. Control Variables

The most important control variables in Equation (3) are the
learning rate M of the action (a;), the system state §;, and the
horizon (H). We conducted multiple experiments to determine
the optimal values of these variables. Initially, based on our
experience, we set §; to (0, 2.2m). Then, we explored the im-
pact of different action learning rates on the human-following
experiments. We evaluated the following performance of the
system using the system’s following state (s;), and the exper-
imental results are shown in Table 1. Our findings indicated
that the system achieved the best following performance when
the action learning rate was set to 0.75. It is important to
note that we conducted independent experiments five times for
each parameter. Furthermore, to ensure real-time performance
of the system, we set the hyperparameter "Epoch for Deep-
MPC” to 5. With the action learning rate set to (.75, we varied
the values of §; and conducted independent experiments five
times for each value. The experimental results, presented in
Table II, demonstrate that our robot maintained good following
performance across different §; values. Regarding the horizon
H in Deep-MPC, we conducted experiments to explore the
system’s state error and optimization time for different values
while keeping the system state and action learning rate at their
optimal values. The experimental results are presented in Table
III. To strike a balance between error values and optimization
time, we set the H value to 5. It is important to note that for
each H value, we conducted experiments using 100 sets of
data.

Finally, Table IV presents the values of these variables,
along with other hyperparameters, which were determined
through experimental evaluation.

TABLE |
COMPARATIVE EXPERIMENTS OF 1. ’ERROR’ IS THE DISTANCE
BETWEEN s; AND §;.

n 0.10 0.45 0.75 1.5
Error (-0.21, 0.45) (-0.16, 0.21) (-0.09, 0.07) (-0.10, 0.08)
TABLE I

COMPARATIVE EXPERIMENTS OF §;. 'ERROR’ IS THE DISTANCE
BETWEEN s; AND §;.

Si/m 0, 1.8) 0, 2.2) (0, 2.6) (0, 3.0)
Error (-0.10, 0.06) (-0.09, 0.07) (0.08, 0.08) (-0.08, 0.07)
TABLE Il

COMPARATIVE EXPERIMENTS OF H.

H 3 5 8 10
loss (m) 0.057 0.055 0.052 0.051
t(s) 0.072 0.085 0.120 0.137

D. Online Learning

In this section, we performed experiments on human-
following task using online learning. The mobile robot opti-
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TABLE IV
CONTROL VARIABLES OF DEEP-MPC.

Si n H
(0,2.2) 0.75 5 5

Epoch for Deep_MPC B k
0.001 20
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O™ The states of the target changed over time
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2810 Online learning loss

2,0x10"
P controller

1.5x10° 15 Deep-MPC

1.0x10° 4

5.0x10" 4
00 W%WMWA\»

0.0 T T T T T T , 05 T T T T T T 1
10 20 30 40 50 60 70 o 100 200 300 400 500 600 700
Step

Fig. 7. Online learning loss and system state variations.

mizes its transition model and actions based on date collected
through interaction with the physical world. The algorithm
used in this experiment is presented in Algorithm 1. Initially,
the robot has no interaction data and could only attempt
some actions resulting from unreliable anticipatory control to
interact with the environment. As more interaction data is
collected, the robot gradually became capable of executing
effective anticipatory control and subsequently learns how to
complete the human-following task.

To demonstrate the learning process and performance of
the proposed method, we designed a online human-following
scenario where the human was required to maintain a similar
walking speed and trajectory. A P controller without Deep-
MPC optimization (i.e., the action generated by the P con-
troller in Algorithm 1 is not optimized by Deep-MPC) was
also applied in this task as a comparative experiment. The
experiment was conducted with a target state of (x,y) = (0,
2.2m), requiring the robot to maintain the target directly in
front of it at a distance of 2.2 meters. The results demonstrate
that, as shown in the right-hand side of Figure 7, Deep-
MPC can quickly learn how to follow the target within one
minute and exhibits significantly better performance than the P
controller without Deep-MPC optimization. The left-hand side
of Figure 7 shows the online learning loss of the transition
model, which is updated every 10 interactions between the
robot and the environment. Initially, the loss is high due to
the limited number of training. As the number of training
increases, the loss value decreases, but the distance between
the system state and the target state keeps increasing due to
overfitting of the model with insufficient data. The model can-
not effectively generalize to new states due to the overfitting.
However, as more data is collected, the predictive power of
the transition model is enhanced, enabling the robot to perform
effective anticipatory control and gradually approach the target
state. Note that we conducted three experiments using online
learning with Deep-MPC.

(a) (b) The states of the target changed over time
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Fig. 8. Long-term following experiments. (a) The experimental site. (b)
The states of the target.

E. Long-term Following

To validate the stability of the proposed method, we applied
the model learned through online learning in the previous
section to long-term human-following experiments. In this
experiment, the robot is required to follow the target for an
extended duration of approximately 500 seconds. We selected
a circular corridor within a building, as illustrated in Figure
8(a), which includes straight paths, prolonged turn paths, and
an right angle turn. Figure 8(b) presents the variation in
the system state and M during one experiment. Due to the
walking speed and sudden changes in direction, such as when
turning, the system state exhibits fluctuations. However, the
states generally remain close to the target states, indicating the
fundamental effectiveness of our proposed method. A total of
10 experimental trials were conducted, and the robot achieved
a success rate of 100%. A complete experimental video is
available in here.

F. Occluded and Crowded Following

To verify the robustness of our method, we conducted
robot following experiments in environments with occlusion
and congestion. The metric M was utilized to determine
whether the experiment failed. Two scenarios were considered:
a cluttered and narrow office space, and an entrance area of
a building. Figure 9 shows the office, where the background
is cluttered and the space is confined. Nevertheless, the robot
was able to stably follow the target even when other people
occlude the target or when multiple people are present within
the field of view, as shown in Figure 9. The full experiment
video can be found in here. In addition, we deployed the
robot at the entrance of a building to evaluate the sustained
object following capability of the proposed method, as shown
in Figure 9. We performed four experiments, each lasting
approximately seven minutes. During the experiments, there
was at least one people and up to six people within the robot’s
field of view. Table I shows the success rate of the method in
following the target for different numbers of people within the
field of view. The results demonstrate that our method achieves
a very high success rate, with several failures occurring when
there are many people (more than 4 people) within the field of
view, see the last case in Figure 9, causing the robot to lose the
target. Figure 9 illustrates some experimental scenes, including
the failed case. Overall, our proposed method achieves a very
high success rate in completely unstructured and randomly
interfered scenarios, demonstrating the effectiveness of our
method. The full experiment video can be found in here.
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Fig. 9. Occluded and crowded following experiments, from both a third-party perspective (up) and the robot’s perspective (down). More experiments

can be found in here.

Our method exhibits high robustness, mainly attributed to
Deep-MPC’s ability to predict future states. The robot can
anticipate the location of the target when the target is occluded.
When the occlusion disappears, the robot can match the antic-
ipated state with the detected state to recapture the target and
continue following. Our method’s ability to reliably anticipate
the target’s state is evidenced by the statistical analysis of 1200
consecutive sets of predicted and actual target locations, which
exhibit an average error of approximately 0.045m.

G. Comparative Experiments

To demonstrate the performance of our proposed method,
we conducted comparative experiments in the entrance area
of a building. Specifically, we carried out the method in [14],
STPOTR [33], the 3D skeleton-based method, the method
without the Deep-MPC module, and the method utilizing the
Deep-MPC module in occluded and crowded scenes. The 3D
skeleton-based method calculates the average position of all
skeleton points as the target position, and uses Euclidean
distance metric in Section III-D to determine the failure of fol-
lowing. The method without the Deep-MPC module employs
a PI controller to control the robot’s behavior, and uses 3D
IoU metric in Section III-D as the criterion to determine the
failure of following. The results of the experiments, as shown
in Table V, indicate that our proposed method achieves a higher
success rate than the other methods, even in the presence of
more severe occlusion.

V. DISCUSSION
A. Detection Interval

Our method achieves an average detection interval of ap-
proximately 0.167 seconds (6Hz), which means that the time

TABLE V
RESULTS OF COMPARATIVE EXPERIMENTS. OCC. MEANS THE NUMBER
OF PEOPLE OCCLUDED WITHIN THE ROBOT’S FIELD OF VIEW. S AND F
DENOTE SUCCESS AND FAILURE RESPECTIVELY.

Method Metric Occ. S F Rate
3D skeleton + 1 7 5 54.55%
Prediction + / 2 5 5 50.00%
PID [14] 3 1 2 33.33%
Overall 52.00%
1 5 5 50.00%
STPOTR [33] / 2 3 6 33.33%
3 0 3 0
Overall 36.36%
Euclidean ! 9 7 26.25%
3D skeleton distance 2 5 3 62.50%
3 0 2 0%
Overall 53.85%
3D box 1 23 3 88.46%
+ 3D IoU 3D IoU 2 5 1 83.33%
+PI controller 3 3 1 75.00%
Overall 86.11%
1 29 0 100%
3D box 2 23 0 100%
+ 3D IoU M 3 9 1 90.00%
+ Deep-MPC 4 7 2 88.89%
5 3 1 75.00%
Overall 94.67 %

interval between s; and s, in Figure 3 is 0.167s. However,
in the presence of occlusion, the robot may lose track of
the target, resulting in an elongated interval between s; and
Si+1. In order to alleviate the decline in the performance of
the transitional model caused by the difference in detection
intervals due to occlusion, we also used the detection interval
as one of the inputs to the transitional model.
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B. Robot Movement

In the human-following experiments, our objective is to
maintain the relative position between the human and the
robot, rather than ensuring that the robot precisely follows the
trajectory of the human’s movements. For instance, when the
human walks around the robot, the robot only needs to adjust
its orientation without necessarily tracing the exact trajectory
of the human’s movements.

C. Onset of Tracking

The RCV model currently lacks the capability to recognize
different individuals. In our experiments, we position the
target to be followed appropriately relative to the robot and
make efforts to ensure there are no other people around the
target. However, this setup is a compromise as we currently
lack a better method to accurately identify the target in
crowded scenes at the beginning of the following task. For
instance, using facial recognition is challenging to guarantee
capturing the target’s face by the robot initially, and relying
on clothing or other features is difficult to ensure uniqueness.
The current focus of our work primarily revolves around the
robot’s following control algorithm and the following metric.
Accurately identifying the target from multi-person scenes at
the start of the following task will be the subject of our future
research.

D. Transition Model

In our research, we also considered using Recurrent Neu-
ral Networks (RNNs) to implement the transition model.
However, during our literature review, we found that RNNs
are challenging to use in fully online tasks due to their
computational expense and training difficulties [34], [35]. Our
proposed Deep-MPC approach is designed for fully online
learning, starting from scratch, which is particularly difficult
to achieve with RNNs. On the other hand, the recursive pattern
we currently use is also applied in some simulated robot
research [17].

E. The Role of Occlusion

Occlusions play a critical role in the target following task
as they hinder the robot’s ability to maintain visual contact
with the target. When the target is occluded, the robot faces
the challenge of losing visibility and struggles to accurately
determine the target’s position and movement. To address this
issue, our proposed approach leverages the robot’s perception,
anticipation, and control capabilities. By utilizing a 3D human
detection method, we can detect a 3D bounding box even
when the target is partially occluded. Then, we propose a
following metric which combines 3D IoU and anticipation.
When the target is occluded during the following task and can-
not be detected, the robot intensifies its reliance on trajectory
anticipation. The longer the occlusion persists, the stronger
the reliance on trajectory anticipation becomes, until the point
where the following is deemed to have failed.

F. The Setting of Transition Model

Deep-MPC is a fully online approach that requires simulta-
neous data collection for transition model learning and opti-
mization of robot actions. This necessitates a high demand for
real-time performance in the algorithm. While our settings may
appear uncommon, they are driven by the requirements of our
fully online application scenario. For the model, we employ
a simple structure (Figure 3) to ensure rapid convergence.
Consequently, we cannot set many epochs, as it would prolong
online training time. Furthermore, a moderate batch size is
preferred to avoid excessive computational demands on the
system. Through multiple real robot experiments, we deter-
mined that 5 epochs and a batch size of 128 strike a balance
between rapid model convergence and real-time performance
within the available computing resources. Additionally, we
observed that due to the simplicity of the MLP structure
we employed, adjusting these parameters to different values
yielded similar training results.

VI. APPENDIX

TABLE VI
THE IMPLEMENTATION DETAILS OF ONLINE TRAINING OF TRANSITION
MODEL.
Training loss validation loss structure epoch
[5,256,1024,
0.032 0.040 512.128.2] 5
Ir batch size samples training time
0.001 128 2500 about 20s
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