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Abstract

This paper describes ongoing work on the development of a service robot for serving drinks to people sitting at tables, for
example in the recreation room of a care-house. The robot, denoted the Traveling Drinksman, should be able to detect the
occupied tables, navigate safely according to defined policies, and interact with the humans sitting to serve them a drink.
We present initial results addressing all of these problems with different sub-modules, including numerical results for the
human detection module.

1 Introduction

With the globally growing elderly population foreseen for
the coming decades, the need for infrastructure dedicated
to elderly care has also increased [18]. As intelligent ser-
vice robots become increasingly available, there will be
many possibilities to delegate low-level, repetitive tasks to
the robots, thereby giving human workers more time for
interpersonal care.
Preliminaries user studies showed that robots can have a
positive impact on elder population in care-house environ-
ments. In [19], the authors show how the introduction of
a social robot strengthened the relationships between the
guests and overall increased well-being. While also nega-
tive responses to socially assistive robots have been mea-
sured by e.g. the study in [12] (such as psychological fac-
tors emerging from the need of using assistive machines),
the same study shows that, in general, there is a positive
correlation between age and robot acceptance by the el-
ders.
From a work perspective, it is still unclear the impact that
service robotics will have on human labor [3], and most
likely a balance between full automation and human-robot
collaboration contains the sweet spot for service robotics.
When seeing services as robot manufactured products,
there is a fairly low threshold above which it becomes im-
possible for untrained human workers to resolve problems
that might occur with the robot or with the provided ser-
vices. Hence, fully automated service robots should keep
a low level of complexity to avoid the constant need of ex-
pert personnel for the maintenance of the robots and their
procedures.
Along these lines, this paper describes ongoing work on
the development of a service robot for serving drinks, to
be deployed for example in the recreation room of a care-
house. However, the proposed solution can also in the fu-
ture be extended towards more social aspects, such as en-
tertainment or chit-chatting. The proposed robot - the Trav-

Figure 1 The robot is approaching a human to ask if he
wants to drink something.

eling Drinksman - is expected to take care of the drinking
needs of several people in a room. The robot’s task is to
continuously detect and serve people at all occupied tables.
We extend previously developed work [4] by implement-
ing two major components: a human tracker, that allows
to track in real-time the person positions in the room, and
a planning system, that is used to plan how to serve the
detected persons most efficiently.

2 Related Work

There is a fairly large body of research dedicated to service
robotics, with one of the factors driving the field being the
need for enhancing the infrastructure for the elderly care
[18, 8]. In this regard, robotics offers a wide range of pos-
sibilities to support the working staff in e.g. care houses.
Few examples of developed robots are nursing robots [7],
companion robots [19], or robots for assistance in handi-
capped mobility scenarios [5, 17].
Due to their inherent complexity, robot architectures for
service robotics should be able to be extended and to host
newly added components systematically and comprehen-
sively such that the provided services become easy to man-



age. The authors in [8] propose that languages such as the
Unified Modeling Language are suitable to support such a
requirement in architecture modularity, also for its suitabil-
ity for system engineering methods.
Since our developed architecture provides a single service,
we don’t provide such a high-level description of the sys-
tem and focus more on the implementation details. We use
the Robot Operating System (ROS) [13], which is modular
by construction and allows a seamless integration of com-
ponents through their defined ROS API. ROS is a well-
known robot development framework and is utilized by
many projects. Other robot architecture frameworks are
utilizable, such as ones developed in industry e.g. [7].
Two common problems in robotics that we also faced in
this work are detecting persons and planning sequences
of actions. Detecting humans can be necessary when the
robot is working in shared spaces, and several solutions
have been explored in past years using different combi-
nations of sensors. For example using video [20], lidars
[16], or sonars. Classification methods received an over-
all massive improvement in recent years due to the dawn
of deep learning methods. Given a properly supervised
dataset, these methods can provide reliable detections, also
in real-time due to the parallelizable computations of neu-
ral networks. With this respect, we utilize a YoloV3 [15]
classifier that provides bounding boxes for the trained im-
age regions.
Planning is the task of finding the optimal sequence of ac-
tions that from initial conditions to achieve a desired goal
condition. Many robotic applications using planners have
been developed in past decades such as based on STRIPS
[11], Hierarchical Task Networks, etc. For this work,
we selected the Planning Domain Description Language
(PDDL) [10], which is a standard language to specify plan-
ning domains for what is usually referred to as classical
planning.

3 Method

We utilize an existing service robot prepared for the task of
serving drinks [1]. The drinks are stored in plastic glasses
in the robot’s shelf-type hardware. The robot has an om-
nidirectional mobile base and uses a map to autonomously
navigate collision-free through the environment. For mak-
ing the robot approach and serve a given target position,
we applied a previously developed approach module [4].
When triggered, this module makes the robot to approach
a predefined area close to the person. By using an inte-
grated tablet computer, users can request any of the avail-
able drinks stored inside the robot. In the proposed sce-
narios this procedure repeats until all present persons have
been served.
We extend the functionalities offered by the approach mod-
ule by new methods to increase autonomy, robustness and
time efficiency. A robust human detection module (Sec-
tion 3.1) and a global path planning optimization (Section
3.2) have been emerged as useful during previous tests in
elderly care homes.
To realize the described robot behavior, we use the

open-source software framework Robot Operating System
(ROS) for development and testing. Figure 2 presents the
three main parts of existing and new ROS modules, as well
as their communication:
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Figure 2 ROS software architecture of the high-level planning
components of the system. Each block corresponds to a devel-
oped ROS node. Edges indicate how messages flow in between
the nodes.

The first part provides the points of interest (POIs). In our
case, these correspond to the person positions, the robot
position, the glass refilling position, and the robot home
position. Initially, these poses are set manually. The human
detection simultaneously updates the person positions for
approach and the next serving.

Human Detection: This ROS-node subscribes to the
color and depth image of the robot for head detec-
tion. In the case of detection, the node provides the
position of the head from the perspective of the cam-
era. Using the transformation of the robot and from
the localization, the node transforms the position into
the global map frame.

Initial Positions: It provides the available sitting posi-
tions, the refilling, and home pose.

POI Storage: It publishes all the gathered detected posi-
tions. These include the person’s global positions ex-
tracted from their head positions, the robot position,
the sitting positions, the robot’s home position, and
the refilling position.

The second part of the architecture combines the global
grid map of the robot with the POIs and the robot poses
to approach these. Simultaneous Localization and Map-
ping provides the global grid map. Since the robot has to
serve the drink close to the person, the approach node uses
the costmap to provide the best not-occupied robot pose
around the person pose. During the robot approaches a
person, the approach module updates the best robot pose
based on the current sensor information and human pose.
This is required because of occluded and dynamic obsta-
cles.

Approach Module: This module takes the pose of the
person and returns the best robot pose for Robot Hu-
man Interaction as a ROS-Service.



Map Graph: Combines the robot map data with the ap-
proaching positions, the refilling and the home posi-
tion.

The third part calculates the optimal overall sequence for
serving the present people. First, the Map Graph node in-
terconnects all POIs and store them as edges on a graph.
Then, an external path planning service executes an A*
search algorithm on the costmap to provide an estimated
travel length. Afterward, we associate the travel length
as cost and assign them to the edges. Finally, the PDDL-
planner performs the overall planning, constraint by start-
ing at the current robot position and ending at the refilling
position. The PDDL-planner returns the optimal sequence
of poses, that executes the state machine of the robot to
serve all present person by a drink.

Path Planning: This node provides a path planning ser-
vice using the global costmap map, which is used to
compute the path length between two given sets of co-
ordinates. The service request includes the positions
and the service response includes the travel length.

Service Planning Instance: It is the node computing the
service planning instance, that is updated in real-time
using the global map. It allows us to plan for optimal
paths over the feature map. For every plan request,
a PDDL instance is generated using the feature map.
The obtained plan is then transformed into sequences
of approaches, refill, or go idle for the approach mod-
ule. An edge associates every pair of nodes with as-
sociated weight obtained by calling Path planning.

PDDL Planner: This node provides a planner for PDDL
problems. It is connected to the Map Graph to receive
the graph and the travel lengths in between. After cal-
culation, it returns the optimal sequence to the state
machine.

More details on human detection and planning are given in
the following sections.

3.1 Human Detection
In addition to traditional robot vision challenges such as
obstacle detection, in our scenario, people are visible from
all orientations. They may also be partly occluded, for
example by a chair or other furniture. This causes prob-
lems for state-of-the-art approaches aiming at detecting the
whole body. The other constraint is the need for 3D infor-
mation. The robot needs to detect the precise position of
the person in 3D space to approach him optimally. There-
fore we decided to detect the head of people with an active
stereo RGB-D camera that provides color and depth im-
ages.
Creating and hence finding a realistic RGB-D head dataset
in uncontrolled environments is quite hard. Since the robot
operates in uncontrolled environments like nursing homes,
a deep network trained with a controlled dataset would not
generalize to our problem well. That is why we start with
the RGB-D human dataset [15] by Spinello et al., which
contains thousands of full-body annotated RGB-D images

from the people passing through a university hall. In the
dataset, the people are mostly walking, standing, and their
heads are visible from different angles to the camera. We
extend it by annotating the head bounding boxes on both
RGB and Depth domains.
We train two separate head detectors for RGB and Depth
domains since both RGB and Depth domains have their ad-
vantages and disadvantages. The head detectors are object
detection networks called YoloV3 [14]. RGB head detec-
tor is robust against sunlight but fails in the weak light.
The depth detector works well in low light but is sensitive
to sunlight due to the nature of the infrared-based depth
camera.
The resulting RGB head detector is robust against sunlight
but fails in the weak light. The depth detector works well
in low light but is sensitive to sunlight due to the nature
of the infrared-based depth camera. For these reasons, we
fused the outputs of the two detectors to improve robust-
ness. The fusion is done at the bounding box level, where
the bounding boxes generated by the two modalities are fed
into the SORT tracker [2], which then provides the fused
detections.
Lastly, we transformed the head positions from the cam-
era frame into the map frame to obtain all head detections
in one frame for path planning. The head detection pro-
vides bounding boxes around the head block. To capture
the distance of it, we calculate the median value inside the
bounding box, since the assumption is that the head must
be the most prominent and dominant object inside of the
bounding box. Median filtering eliminates the background
and provides us a simple, fast, and reasonably accurate es-
timation.

3.2 Planning
The robot has a map of the environment as well as the fixed
table positions. The robot continuously updates the map
with obstacles and persons by observing the environment
with its available sensors [1]. As several people may be
detected at the same time, a global planner determines the
order in which the sitting positions should be served. Only
sitting positions with at least a detected human are due for
serving.
The defined problem corresponds to the Traveling Sales-
man Problem (TSP), which is the problem of visiting a set
of points of interest while minimizing a cost metric (e.g.
traveled path length), returning then to the starting point.
In our case, there are additional constraints that the plan-
ner should consider, and for this reason, we used a general-
purpose PDDL based planner, rather than a specific TSP
algorithm. For example, only a limited number of glasses
are available inside the robot, and plans should include also
actions to refill the robot.
We selected Metric-FF [6] as a planner, which complies
with PDDL 2.1. As the search strategy, we selected Di-
jkstra’s algorithm. In our experiments the inclusion of a
heuristics (i.e. turning the algorithm into A*) decreases the
planning time but our tests showed that the planner also of-
ten returned sub-optimal plans. Our untested hypothesis
is that the planner’s available heuristics-based of deleting



Figure 3 Obtained service plan for a scenario with 7 persons.
From its initial position, the robot visits the refilling position,
marked by the bigger axes, to then pass by every sitting posi-
tion. Every plan ends with the robot reaching a predefined idle
position. Service plans are then transformed into sequences of
approaches for the approach module.

negative effects from the PDDL operators are sub-optimal
for TSP planning instances (see Section 4).
A PDDL instance based on the map of the environment is
continuously updated, and the planner is utilized to deter-
mine the path to follow in order to visit all currently de-
tected occupied sitting positions, i.e. positions with at least
a head detected in close proximity. While the goal of the
generated plans is always the one of visiting all occupied
sitting positions, the planning instance can be configured
to minimize a chosen metric such as required time, trav-
eled distance, a “First In First Served” policy, or a prior-
ity queue policy. The generated plans are dependent on
the selected policy and correspond to an ordered list of sit-
ting positions that is forwarded to the approaching module
described in previous work [4]. The approaching module
makes the robot approach the target position and start the
serving procedure. After a position is approached, getting
a drink or dismissing the robot through the tablet makes the
robot continue to the next position in the plan.

4 Evaluation

We implemented planning between different tables in a real
care house environment. Planning in a real scenario con-
firmed that our setting allows for the service robot to reach
all of the tables in the most efficient way (by minimizing
e.g. traveled length) from any position while avoiding ob-
stacles. Obstacle avoidance is provided by the local plan-
ner. The robot plans also successfully consider refilling
necessities by having the robot returning to its refilling sta-
tion when the drink storage is empty.
A video of the robot executing a plan to visit the ta-
bles of a re-creation room at a care-house facility is at
https://youtu.be/hofICXrIvhE. In the shown experiment,
head tracking is disabled and the robot always visits all of
the pre-programmed sitting positions.
We further compare the A* search strategy with Dijkstra
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Figure 4 Metrics measurements for planning using the A*
search strategy and Dijkstra’s algorithm. C− is the cost in meters
of the obtained plans, T− the plan time in seconds. Nodes and
edges indicate the size of the planning instance.

Table 1 Average Precision (AP) for the RGB and Depth-based
head detectors, computed on the test set for different IoU thresh-
olds.

IoU AP for RGB AP for DEPTH
50% 0.90 0.89
60% 0.81 0.78
70% 0.68 0.58
80% 0.31 0.36

in scenarios of different sizes, up to 11 persons. If Figure 4
we show how A* provides plans that are in the most num-
ber of cases sub-optimal. On the other hand, the plans ob-
tained using Dijkstra are always optimal but, as the graph
shows, Dijkstra doesn’t allow to scale to scenarios with
many persons.
In order to test the human detector, we trained the head
detector based on YoloV3 to detect people sitting at ta-
bles. The dataset utilized to train the classifier contains
both RGB and Depth images. To compare and find the
optimal modality, we trained different detectors for each
modality. For training, we used 3043 RGB and Depth im-
ages, and for testing 351 images. Average Precision (AP)
for the test set is presented in Table 1. Each row in the
table shows the average precision (AP) for different val-
ues of Intersection Over Union (IoU). IoU quantifies how
well the detector’s predicted bounding box overlaps with
the ground truth bounding box. The results show that both
modalities work successfully.
The service robots always come to the proximity of the
people, since they need to interact with them. The distance
between humans and the robot would decrease less than
1m, and as the range reduces, the shadows in the depth
images increases, which makes it harder to detect heads.
Also, the dataset may not cover 360 degrees view of the
head. Therefore, we create the following test bench. A



Table 2 Close up Head detection results on the robot under
real conditions.

# of Images Correct Detection Rate
Trial 1 133 39 0.29
Trial 2 89 28 0.31
Trial 3 80 42 0.525

Figure 5 Success cases of the close-up head detection on
the robot.

person is sitting on a chair in front of a table, as in Fig-
ure 5 and Figure 6. Then, the robot starts moving around
the person so that it sees the head from every angle. The
distance between the robot and the person is around 1m to
2m throughout the experiment. In Figure 5, there are blue
bounding boxes around the head. These are the success
cases as opposed to Figure 6.
There are three trials with two participants. In total, the
robot collects 302 images. The results are presented in Ta-
ble 2. As seen, the results are dramatically deviating from
the dataset results. The foremost reason is that the head is
too close to the camera limits, but at the same time, these
are the situations that our service robots face during the
care-house tests. That is why we need to test it against
these situations as well. The main takeaway would be not
to rely on single-frame detection but to rely on the fusion
of detection over time.
The navigation stack on the robot calculates the accurate
position of the robot by using three lidar sensors. We use
this information to evaluate the depth estimation method.
That is why we calculate the mean and standard devia-
tion of the head position estimations through the time. The
standard deviation on X-axis is 0.49 m and 0.34 m on Y-
axis. Although these numbers seem huge, we need to con-
sider that the detection experiments are pushing the limits
of the camera, and there is an error caused by navigation.
Furthermore, the depth estimation algorithm is a simple,
fast, median value-based method. Also, this error can be
compensated by an adaptive approaching algorithm pre-
sented in [4].

Figure 6 Failures of the close-up head detection on the
robot.

5 Conclusions and Future Work

This paper describes ongoing work to design a service
robot that efficiently serves drinks to the people in a room.
We realized a human detection system based on depth and
video cameras, and a planning systems suitable for the en-
visioned application. While their integration is still miss-
ing, we tested their performances separately, as shown in
Section 4. The planning subsystem can be optimized in
two ways. The first is by implementing a heuristic that is
suitable for TSP problems. This would allow to use A*
instead of Dijkstra, thus improving how the plan computa-
tion times scale in the number of graph nodes. The second
way is to prune the search graph as right now the graph
has several edges that scales quadratically in the number
of nodes. Pruning the graph would allow to remove sub-
optimal edges, such as connecting nodes on the other side
of the room with each other.
We tested the planning system in a real environment and
verified its functioning. Preliminary results in real scenar-
ios proved to be promising. However, at the moment the
proposed system makes use of some simplifying assump-
tions. For instance, we explicitly assume that possible sit-
ting locations are known and fixed. This is believed to be
a realistic assumption since it is the case for most cafes,
restaurants, and canteens. Future versions of the proposed
system can remove this assumption to be able to serve also
people standing at any position in the room. Furthermore,
we identified cases where clustering persons and serving
the clusters altogether can be a better solution rather than
always serving individual persons. This can be the case
when several persons are seated very closely. We also as-
sume that no persons are walking during serving, and all
persons in the room are sitting down by a table. Additional
safety systems can be added to allow co-occupation of the
space in the room between robot and persons, for example,
[9] introduces six safety-related rules that the robot should
follow when navigating spaces that can be occupied.
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