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Abstract. Most mobile robots are powered by batteries, which must be
charged before their level become too low to continue providing services.
This paper contributes a novel method based on Reinforcement Learn-
ing (RL) for the autonomous docking of mobile robots at their charging
stations. Our proposal considers a RL network that is fed with images
to visually sense the environment and with distance measurements to
safely avoid obstacles, and produces motion commands to be executed
by the robot. Additionally, since the autonomous docking is in essence
a sparse reward task (the only state that returns a positive reward is
when the robot docks at the charging station), we propose the usage
of reward shaping to successfully learn to dock. For that we have de-
signed extrinsic rewards that are built on the results of a Convolutional
Neural Network in charge of detecting the pattern typically used to vi-
sually identify charging stations. The experiments carried out support
our design decisions and validate the method implementation, reporting
a ~ 100% of success in the docking task with obstacle-free paths, and
~ 93% when obstacles are considered, along with short execution times
(10s and 14s on average, respectively).
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1 Introduction

We all take care about the level of charge of our phones, hungrily looking for
a charging point when they are running out battery so we can keep doing pro-
ductive things like chatting or sending emails. The same is the case with mobile
robots, whose landing in fields like education, housekeeping, health care or en-
tertainment is becoming more and more evident, and which require to keep their
batteries charged in order to reliably and autonomously provide their services [1,
2, 3]. For this purpose, a fundamental task is that of docking at the charging
station. During the robot operation, this occurs when the robot’s battery is run-
ning out of charge, or when it is estimated that the battery level is insufficient
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to perform the remaining tasks. At that moment, the robot must initiate the
docking process, which typically consists of the navigation to the area where the
charging station is located, the identification of said station, and the approach
of the robot towards it until docking takes place.

Over the past few years, different techniques have been proposed to detect the
charging station in the environment, typically based on visual information (im-
ages coming from cameras), as well as to guide the robot towards it. In this way,
it is common to see charging stations incorporating some sort of fiducial marker
or pattern to ease their identification (see Fig. 1). Initial works relied on tra-
ditional computer vision techniques for edge segmentation, feature extraction,
template matching, etc., aiming to detect such pattern [4, 5]. However, these
approaches suffer from their high parametrization [6], which turns them into
inflexible techniques prone to fail in presence of changing lighting conditions,
occlusions, etc. Recent visual docking techniques made the move to Convolu-
tional Neural Networks (CNN) [7, 8] in order to detect the pattern. Although
these methods are more robust against challenging conditions, they require the
collection of a vast amount of training data in order to be properly fitted. This,
besides being a tedious and highly time-consuming task, can be difficult to carry
out in specialized domains, as it is the case of pattern detection.

In spite of the technique used to detect the pattern, in order to dock at the
charging station, it is typically implemented a simple algorithm: the robot is
instructed to rotate and align the pattern in the center of the image, and then
to move forward until docking is complete, making the strong assumption that
the path is obstacle-free. An alternative to this approach is the utilization of
Reinforcement Learning (RL) algorithms, which have been explored in recent
works to automate robots’ navigation towards a certain goal using visual infor-
mation (intensity images) as input data [9, 10]. A reward function, needed for
the fitting of RL algorithms, evaluates the action performed by the robot in a
specific state, and returns a number which sign depends on whether the action
it has performed is right or wrong for the task it has been assigned. However, a
common issue that recurrently appears in RL problems is solving sparse reward
tasks, that is, tasks where the amount of states that return a positive reward is
very limited, as is the case of docking at the charging station. Sparse rewards
cause the robot not to acquire the information needed to solve the problem,
resulting in an unreliable operation.

This work contributes a novel method for the autonomous docking of mobile
robots by means of Reinforcement Learning (RL) that deals with the previous
issues. Concretely, this method addresses the sparse rewards problem by con-
sidering a CNN to detect the charging station pattern in RGB images, and the
utilization of those detections to provide extrinsic rewards. This way, the pro-
posed method performs docking by instantiating a RL network that is fed with
RGB images and pattern detection results, and that produces actions to move
the robot (translations and rotations) towards the charging station. We also con-
sider an additional input to this RL network: distance measurements collected
by a radial laser scanner, a sensor typically found in robotic platforms and that
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Fig. 1. Left, charging station for a domestic robot composed of three circles [4]. Middle,
station for a drone consisting of a circle with a cross [11]. Right, a charging station
identified by two QR codes [5].

provides valuable information about the obstacles in the robot surroundings. By
doing so we avoid an obstacle-free path assumption and permit the method to
successfully operate in more challenging environments.

The training of a RL network requires the deployment of the robot in its
working environment to learn by trial-and-error, which demands a long time
to achieve robust results, being crashes also possible. To handle this, we have
resorted to Unity [12], a video game development framework that permitted us
to design realistic virtual environments including robots and charging stations,
and to perform a faster RL network training. Regarding the CNN for pattern
detection, as previously introduced, its training requires a vast amount of data
for fitting a reliable model. In this regard, we propose the utilization of transfer
learning [13] and the fine-tuning of a general model for the detection of the
particular pattern used in each docking scenario (recall Fig. 1). To carry out
such fine-tuning, Unity is also used to generate synthetic training samples in the
form of images including the pattern at hand with different sizes, orientations,
and lighting conditions.

To validate our proposal, we have carried out extensive tests with a replica
of the Giraff Robot [14] (see Fig.2). The robot was commanded to dock at the
charging station, starting from different relative distances and orientations w.r.t.
said station. The performance of our proposal has been compared with other
methods following other typical RL techniques such as behavior cloning [15],
reporting a higher performance. The method implementation is publicly available
at https://github.com/AmbroxMr/UnityMLDocking.

2 The Proposed Method for Autonomous Docking

Fig. 2 shows the pipeline of our proposal. Once the robot triggers the docking
at the charging station task, we resort to a RL network, described in detail in
Sec. 2.1, to produce the motion commands to reach such goal. In this work
we assume that the robot is located in the same room as the charging station,
otherwise a prior navigation to said room would be needed. At a certain time
instant while executing the docking task, the RL network processes the following
input data: an image from an RGB camera for visually sensing the environment,
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Fig. 2. Pipeline of the proposed method, where the RL network is in charge of pro-
cessing images, 2D laser scans and pattern detections to produce actions (translations
and rotations) until docking is complete.

distance measurements in the form of a 2D laser scan useful for avoiding obsta-
cles, and the results from a pattern detection CNN (see Sec. 2.3) for facing the
sparse rewards problem (see Sec. 2.2). This way, we consider a common robotic
platform equipped with an RGB camera and a 2D laser scanner. The Giraff
robot, recreated in our experiments, is capable of tilting the camera, but this
is not a requirement for our method to work. The 2D laser scanner could be
also replaced by other sensor or technique that provides distance measurements
such as RGB-D cameras, sonars, stereo-vision systems, etc. With such inputs,
the RL network infers an action (motion command), and the process is repeated
until docking is completed. Specifically, the possible robot actions are translation
(forward /backward), rotation (left/right) and tilt (increase/decrease).

Since we are dealing with RL techniques, it is worth mentioning at this point
the learning environment used for the design and validation of the proposed
method. Typically, for the sake of generality it is preferred the utilization of
environments that randomly change between method executions (different ob-
jects and at different locations, different lighting conditions, different charging
station and initial robot positions, etc.). For doing so we have resorted to the
Robot@VirtualHome tool! (see Fig. 3), which provides interesting mechanisms
to facilitate working with domestic environments.

2.1 Designing the Reinforcement Learning Network

We have leveraged the Unity ML-Agents Toolkit? for the design, training and ex-
ecution of the RL network. This open-source toolkit allows us to integrate Unity
and Python, providing implementations of state-of-the-art Reinforcement Learn-
ing algorithms. Concretely, ML-Agents offers an implementation of two popu-

! https://github.com/DavidFernandezChaves/RobotAtVirtualHome
2 https://github.com/Unity-Technologies/ml-agents
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