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Abstract— Dexterous mobile manipulators that are capable of
performing a wide array of tasks are essential for unstructured
human-centered environments. Especially in rescue scenarios
where time and resources are limited, a gripping system
should be as versatile but at the same time as efcient as
possible. In addition, situational awareness in accidents and
impaired visibility is essential for safely performing missions or
automating behaviors, and thus supporting operators. The main
contribution of this work is a multi-functional gripping system
with technologies and methods for manipulation in rescue and
recovery operations as well as for handling hazardous materials.
The gripping system is supplemented by an RGB and thermal
camera and object detection algorithms, which run in real-time
on an embedded device for robust recognition in harsh and
dynamic environments. The proposed multi-functional gripping
system has been thoroughly evaluated and tested in laboratory
experiments and real eld facilities.

. INTRODUCTION

Rescue and recovery operations as well as reconnaissa
and transport tasks are often challenging and stressful situ
tions for emergency forces and usually also involve a certai. ¢
potential for danger. Factors such as con ned spaces, den| g
smoke, toxic fumes, enormous heat and explosion hazard
see Fig. 1, make ef cient planning and safe implementation. o _

i . . . Fig. 1. Dexterous manipulation tasks for securing hazardous substances.
of optimized mission strategies dif cult. The support of
robotic systems with automated functions offers the potential

to reduce these stresses and dangers for humans. The Ft)lq(%')/ may not be the fastest tools for a speci c task if time

requisite for this is that such systems have the necessary ca-’ . L L
g : . . IS an issue. On the other hand, designing a gripping system
pabilities for sensing and analyzing the environment and can

: . . r a specic task alone may severely reduce the robot's
also use these for the independent implementation of tasks, . b : Y y rec :
While many commercially available grippers are intende&pphca’[Ion potential, as changing tools during an operation

. . . S |§ often not an option. Therefore, in mobile applications, a
and designed for industrial applications, the development g

gripping tools for mobile manipulation tasks poses addition%OOd balance between design speci city and exibility has to

challenges. Often, the range of possible tasks to be solved § found’. emphasizing the high |m.p0r'tance of requirements
! C . . - analysis in the development of gripping systems for such

a single gripping system is much larger, with larger variations "~
agpllcatlons.

in object size, material and surface, unpredictable distanc . . .
) P Manufacturers distinguish robot arms and grippers by

— and therefore gripping angles — between object and rOb?rt]’eir intended applications or the applied gripping concept.

and varying light and environmental conditions. The grippin ot . X
system has to be compact and lightweight in order to a"og\ptended applications may be the maneuvering of items of

maximum robot mobility and dexterous manipulation [1]. certain sizes and weights, or the manipulation of equipment

More generic solutions like anthropomorphic and bio_I|ke door handles, valves or levers. Grippers may also be used

inspired hands [2] offer great exibility and may be morefor inspection purposes if cameras and lights are installed.

: . " - The latter could be the specic use, for example when
quickly installed, but they often require more training for . X -
reading meters, or a feature to assist actual gripping or

human controllers to make use of their full potential. Alsomanipulation. Whereas the state of the art of aUtONOMOUS
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process input data from sensors. In recent years many nov
deep learning based computer vision algorithms for objec ‘
detection such as proposed in [8] have been publishe
Another factor, which enables mobile robot platforms to
utilise deep learning based algorithms, is the rapid improve
ment made in computation. Embedded platforms such &
the NVIDIA Jetsonsprovide a high performance GPU at
low power consumption. When automating tasks in rescu
scenarios, different object classes must be recognized
the robot from object recognition algorithms. The rst class
to note here are hazmat signs which highlight dangerou
locations. The works in [9] and [10] proposed deep learning
based algorithms for hazmat sign detection. Another claggy. 2. Rescue robot with 6-DOF manipulator and multi-functional gripper.
of relevance are manometers which are integral to monitor
the state of a system. The authors of [11] investigated
object detection of manometers. Further relevant classes fand holding the door open, and moving - or at least looking
rescue robotics for which object detection algorithms were through the door.
developed are doors and door handles. It is obvious that gn L . I
autonomous robot must be able to detect doors and do%‘r Application Oriented Gripping System
handles in order to be able to traverse through them. In The automation of different tasks performed by a mo-
[12] a system for door handle detection only was proposé@ﬂe robot supports the operator to ful Il this requirement.
while [13] proposes a system for both door and door-handfgdditionally, it allows the robot operator to focus on other
detection. tasks because it is only necessary to evaluate the automated
RGB camera based Computer vision app”cations Worﬁxecution instead of exeCUting the task manua”y. Dexterous
however only in daylight conditions. To solve this problemmanipulations tasks in search and rescue scenarios are:
infrared imaging sensors can be used to obtain useful vision manipulate valves (opening and closing)
data when RGB does not work. Works such as [14] show that open and close different types of doors
the aforementioned RGB focused deep learning algorithms nding POls ( re extinguisher, emergency exit, hazmat
can also be used for object detection on infrared images. labels) and inspection tasks (manometer reading)
The general objective of the proposed paper is to automate grasp objects and precise manipulation
recovery processes in which the emergency services aregspecially the handling with a door requires an easily
exposed to a wide variety of hazards. The results demonstratginoeuvrable robot system with a multi-axis robot arm.
a multi-functional gripper system with an Al based objecMobile robot systems cope with pushing doors in less time
detection. The rescue robot platform is evaluated in real ethan doors pulling. On the one hand, a large action radius of
periments and selected test scenarios. The main contributiaf@ robot arm is already an advantage, but on the other hand,

@ valve rotating tool

= gripper system /
o door module

of this work are summarized as follows: the execution of the task also depends on the mobility of the
multi-functional gripper for effective mobile manipula- entire system. Legged robots [15], [16], [17], omniwheels or
tion other types of holonomic robots can move in any position

Al based object detection for manipulator selection during manipulation, whereas tracked robot systems are
demonstration of our approach by using a mobile rescuauch more limited. The Centauro project aimed to increase
robot with a 6-DOF manipulation system (Fig. 2) the applicability of mobile manipulation robots in real-life
Il MULTI-FUNCTIONAL GRIPPERDESIGN g;:trear:;o[nlsg].by developing a highly exible disaster relief
Robotic gripper technology enables robotic arms to inter- ) )
act with objects and the environment. Depending on the tyge Sensor Integration and Perception
of gripper chosen, each gripper system has its advantagesSince accurate manipulation is dependent on high qual-
and disadvantages for extreme precision and repeatability ity sensor information, the gripping system must provide
execution and sensitive handling of complex and/or fragilsuitable sensors, such as well-placed cameras or pressure
objects. The gripping system must be transported by theensors. While in industrial environments appropriate light-
robot, communicate with the robot and be adapted to thag can be set up separately from the robot, in mobile
robot's body size so that it is able to maneuver freely. Iapplications the robot must have an integrated lighting source
rescue tasks are to be incorporated into the robot's repertoitbat can be adjusted via a PWM signal. A particular challenge
the gripping system's holding strength and stability have tes the interference-free mounting of cameras and lighting
be aligned with the robot's lifting/carrying/pulling strength asin addition to the actual gripping mechanisms. Since the
well as the target object's shape and weight. The same is trgeipping system is often the most exible moveable part and
for opening doors, which requires a complex combination afan extend outside the robot's core body, it also plays an
recognizing and turning a door handle, pushing or pullingmportant role in exploration tasks. This is speci cally true
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pressure copper
stamp ~S~_ / strip

velostat

Fig. 4. Pressure sensor of the gripper jaw.

by means of an analog-to-digital converter (ADC) and visu-
alized on the operators screen.

The tactile pressure sensor is supplied with= 3:3V.
Unstressed, the resistance of the VelSSfail is about 1 WV
whereas a self-set realistic upper limit of about 1 kg results
in approximately 7%V. With the equation

Fig. 3. Sensor integration and perception concept.

where objects have to be inspected from several perspectives R  R.+R U
and angles or within other objects or holes. In order to nd — = P _ R (1)
and locate points and objects of interest — like re extinguish- Ur U U Ur

ers, emergency exits, or hazmat labels — appropriate sensefsg the desired voltage range of the sensor fradn @:0V,

like cameras of suf cient resolution and distance measuringhe possible value range of the circuit divider resistor is de-

devices, have to be placed and their respective informatiggrmined with 100 750W. Equation (1) gives the following
processed and matched to other available information like 28xnsor output:

:) R= Rps

or 3D maps. Hence, the following sensors have been selected R
and integrated into the multi-functional gripper (Fig. 3): Ur=U 7Rps+ R 2
1) RGB analog camera ) )
2) TOF (ime d flight) distance sensor - VL53L0X Table | lists the parameters for the tactile sensor, valve
3) IDS-UV-1551-LE RGB USB camera and gripper tool:
4) Seek CompactPRO XR IR camera
5) Matek LED Stripe TABLE |
6) COZ-SenSOI’ Senseail’ SS PRESSURE SENSOR AND GRIPPER PARAMETER
7) Nuclear beta and gamma radiation sensor BG51 Parameter Description
. U supply voltage of the voltage divider circuit [V]
8) RGB analog camera pivoted Ur circuit divider output voltage [V]
9) Self developed tactile pressure sensor [19] R circuit divider resistof\W]
Rps pressure sensor resistarftd
. Fe gripping force [N]
C. Gripper Concept m work-piece weight [kg]
1) Grasping general objects with integrated tactile sensor: g gravitation [m/s?] > 9.81
Gripper systems with sensitive sensor technology, as well a agg?éfﬁg%’;‘ogn[’_/]sz] > 0
as I’ObO'[ handS, are alSO becoming increasingly important m coef cient of friction [_] (p|a5tic against stee|) =05
in mobile robotics. The new gripper concept bene ts from Me axis 6 torque [Nm] (Dynamixel PH42-020-5300-R)
symmetrically operating jaws and hence, enables grasping vave tool pins engagement radius [m]
I'gripper gripper length [m]

objects with a maximum dimension up to about 11 cm. With

the developed tactile sensor system [19] inside the gripper

jaws, the object can be gripped securely and the gripping The gripping force calculation for parallel grippers is

force can be controlled with the feedback from the sensorgased on a friction-locked connection. The torque and the
Essentially, the pressure sensor consists of two coppeter length result in the following total gripping force:

strips separated by a pressure-sensitive Vel®diait® (see _

Fig. 4 left/center). Furthermore, a voltage divider circuit as Fg = Me _ S5ANm _ 35:79N 3)

shown in Fig. 4 right, where the foil basically acts as a Fgripper  0:1425m
potentiometer is used. The electrical resistance of the fall,

which decreases under pressure, affects a voltage change eilt—he calculation of the handling weight is:

the circuit output. The output voltage is measured, digitized F m (g+ a) s @)
G= —
Ihttps://senseair.com/products/size-counts/s8-residential/ m
2https:/iwww.gvzcomp.it/products-technologies-separator/teviso/beta-
and-gamma-ray-sensor/radiation-sensor-bg51 - Fe m _ 3379N 05 = 0:912Kg )

Shttps:/iwww.adafruit.com/product/1361 m (g+ @) S 981mes? 2
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2) Valve turning: The problem of robot-controlled turning
of valves has been investigated in some studies [20], [21] an
approaches to the 2015 DARPA Robotics Challenge Final
[22], [23], [24]. By turning the valve, the distance between
the object and the gripper tool varies over time. Therefore
one challenge is the continuous tracking and adjusting of th
gripper to this change. Our solution including an additional e
tool screwed to the gripper front allows to capture smallel
valves relatively easily and compensates deviations in valv
size and longitudinal offset to a certain extent. For executior
it is important that the 6-DOF manipulator can rotate the
whole gripper module, i.e. the valve tool, endlessly (axis €
in Fig. 5) to complete the task in the shortest possible

time. Fig. 5 shows the CAD model and the use of the

valve tool, which enables operator-friendly manipulation!:ig- 6.  Principle procedure when opening the door with the newly
developed door module.

The gure demonstrates that the tool does not have to be

exactly congruent with the rotation axis of the valve and

theoretically can tolerate a threading of30° without any

| f manioulation performance. The rotation unit it IEor mobile tracked robots with a ipper system. However, if
:osr;ssigts o? vpeur? i?j t(?(fi Oinse:elgﬁ atecei bo aegiblg shrir?lf he robot arm does not have the necessary working space, it
9 P 9 y I?ecomes very dif cult to open doors. To solve this problem, a

e o e o 5o ol s devloped i hans o  ope and s nceases
: Y g torq he working space of the arm, see Fig. 6.

by the motor torque of axis 8V = 5:1Nm). By means of
the tool pins engagement radiygye the maximum possible

. . h . [1l. Al B ASED MANIPULATION CHOICE
force applied to one single tool pin (worst case assumption)

is calculated by In order to manipulate or inspect objects in the robots
. environment, it needs to be able to interpret it. This involves
Mg 5:1Nm . . o
F= — = 0:0225m = 227N (6) rst collecting environmental data from sensors, which is
valve ' then fed into an algorithm that provides an interpretation as
and used for dimensioning. output. In this work, the interpretation of the environment

is used to subsequently decide which gripping tool is best
suited for the particular application. The overall architecture
for interpreting the environment and making decision based
on it is shown in Fig. 7. First sensor data is fed into an
Al algorithm which is a deep neural network for object

detection. The following sections describe in more detail
the sensors, the object detection algorithm including its
training.An RGB camera located in the top right of the

gripper and an infrared camera located at the top left of the
gripper are used (Fig. 3).

The motivation for the different types of cameras is that
rescue robots often operate in dark or smoky environments.
The object recognition algorithm is based on ¥@LOfam-
ily [8] published by researcher Glenn and his team with the
newer versionyOLOVS. It was chosen for it's state-of-the-

3) Door opening: In recent years, the identi cation of art performance and it is running in real time on an embedded
different handles and doors has been widely studied [25p/@tform such as th&lVIDIA Jetson NanoFor each sensor
[26], [27]. A major dif culty is that you can not distinguish quallty a dedicated dataset was created and a model was
between push and pull doors, whereas pushing doors 6[F@uned. A dataset was cregted_for the RGB camera Wlth_
easier to automate than pulling doors. The legged robot frolfi@9es of hazardous material signs, manometers and their
Boston Dynamics (SpotMirfl) impressively demonstrates needles, doors and door handles, and valves. However, to

how to open security doors. But you can also see in tHgcrease the dataset's size, publicly available datasets were
vided that, in addition to the robot arm, a foot is requiredncluded as well. More speci cally, the hazmat sign dataset

to open the door. This technique for door opening is also us&ovided by [10] and the manometer dataset provided by [11]
were used. In total, the RGB dataset contains 5418 images

tolerance +30°

-

\ axis 6: endless

-
\+" tolerance 0-35 mm

Fig. 5. Valve turning tool in various positions.

4https://www.bostondynamics.com/products/spot/arm
Shttps://www.youtube.com/watch?v=wXxrmussq4E Shttps://github.com/ultralytics/yolov5

148

PO G000 0000000000000 000000 00,0000 00000 000,000 000,000 00,0000 000000000000 000,000 000,000 00000 00,0000 000,000 000,000 00,000 000,000 000,000 00,0000 000,000 00000 000,000 000000 000,000 00,0,



(-— Al based object detection -\ r— manipulation tool .\
(HR b

Decision

Al

perception

making

== 50°| B® 0° (axis 6)
== 110° | O 0° (axis 6)
== 60°
== 25°

ol | =B

Fig. 7. New gripper concept for dexterous manipulation tasks with a tracked rescue robot: (A) valves, (B) door or door handles, (C) hazmat labels or
manometers.

with a size of 640x480. Table Il shows the included classebe tool decision can be made. Currently, the RGB model
and the respective object count for each class. supports four different decisions which are (A) manipulate
The images of the infrared dataset were all taken in the latsalves, (B) open/close doors, (C) inspection and (D) general

It only contains instances of valves and has in total a sizmanipulation while the infrared model only supports two
of 349 images with a resolution of 320x240. The detaileavhich are manipulate valves and general manipulation. The
training data splits, results and inference examples are givewol decision is made based on the current bounding boxes
in the experimental results in section IV. detected in the image. If multiple bounding boxes are located
in the image, no tool decision is made. This is based on the

assumption that the gripper must still be far away from a

TABLE I speci ¢ object. As soon as only a single bounding box is
RGB DATASET OBJECT COUNT detected in the image, the tool decision is made.
Class ID Class name Instance count

) Razmalpoison 779 IV. EXPERIMENTS AND RESULTS
1 hazmatoxygen 815 ; ot
5 hazmat ammable 1427 For _robots in search and rescue applications, sample
3 hazmat ammable_solid 682 scenarios have been developed for the DARPA Robotics
4 hazmatcorrosive 626 Challenge (DRC) [28], RoboCup Rescue League [29], [30]
> hazmatdangerous 869 and EnRicH competition [31], ranging from exploration
6 hazmatnon. ammable_gas 974 . i P ’ ging p_ . .
7 hazmatorganicperoxide 816 and manipulation tasks to search and rescue missions in
g hhazmalegplosi\_/e igg% simulated and real scenarios. Due to regular rule changes

azmatradioactive . . . .
10 hazmatinhalationhazard 676 and new tasks, the robotics competitions are designed in
11 hazmatspontaneouslyombustible 125 such a way that the teams have to further develop their
12 hazmatinfectioussubstance 673 robot systems every year. These advances also mean that
13 hazmatothethazmat 400 new concepts are needed to meet the demanding mobili
14 manometer 455 X P . R 9 ty
15 manometemeedle 323 and manipulation tasks in the rescue sector.
16 door 593 For evaluation and testing, the setup as in the CAD
g do‘:,rgl‘j‘:d'e igg overview (Fig. 7) is reproduced in order to verify func-

tionality, determine working range and practice different
scenarios. Industrial equipment which rescue robots are typ-
Once the Al system has processed the sensor inpuisally confronted with in disaster-response missions (valves,
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manometers, industrial doors, etc.) is used.

A. Al-Perception

For training of the two object detection model instances a
workstation with two NVIDIA RTX 2080 Ti, 128 GB DDR4
RAM, and an AMD Ryzen 9 3950X CPU was used. For
the RGB and the infrared model as well, training was done
over 200 epochs with a batch size of 90 images split over
the two GPUs. To increase the robustness of the models,
data augmentation methods such as random image rotation
(£20°), horizontal flipping and image scaling (0-50%) were
applied. The RGB dataset was split into 4334 training, 542
validation and 542 test images. The infrared dataset was
split into 251 training, 49 validation and 49 test images.
During training the RGB model achieved a mean average
precision 0.5 on the RGB test dataset of 97.2% and the
infrared model achieved a mean average precision 0.5 of
95.1% on the infrared test dataset. Qualitative results of
the models predicting on unseen images in the laboratory
are shown in Fig. 8 and Fig. 9 for infrared and RGB
respectively. For inference, the model was deployed on an
embedded platform within the rescue robot, more specifically
the NVIDIA Jetson Nano. The deployment was done within
a ROS node implemented in plain Python and PyTorch with
no optimisation frameworks such as TensorRT.

Due to the restricted field of view of the used camera
and minimum resolution requirements, the object detection
algorithm only performs reliably in certain distance ranges
to objects. Therefore a study aiming to determining the valid
distance ranges for the RGB model only was conducted. It
was defined that a prediction is reliable if it’s confidence
delivered by the object detection algorithm is above 0.5. The
classes defined relevant for this study are hazmat, containing
all different hazmat labels, manometer, door, door handle and
valve.

The measurements were done with an RGB camera of
the robot gripper delivering images with a resolution of
640x480 pixel. For each measurement, data points were
collected over a range of 0 —10 m distance between camera
and object. The robot was moved in 0.2 m increments, where

U818 —
e=0,95 (M

“valve 0.
vaive

Fig. 8. Infrared valve object detection sample result.
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Fig. 9. RGB object detection sample result.
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Fig. 10. Object detection reliability over the object distance for multiple
object classes of the RGB model.

at every increment the current object detection confidence
was logged. One measurement series was recorded for each
object. In the future, this will be expanded with further
measurement series and thus provide information on how
robustly the objects are detected and at what distance. The
results of this measurements are shown in the diagram in
Fig. 10. A spline interpolation has been used to smooth
the measurement curve for better readability. The graph also
represents the ranges in which the object detection can be
used reliably for each class.

When interpreting the measurement curve, one result is
particularly interesting. It was expected that smaller objects
such as hazmat labels or manometers would only be reliably
detected at shorter distances. This hypothesis could be con-
firmed for all smaller objects except door handles. The reason
for this is that the neural network learned that door handles
are usually located in doors. The measurements shown in the
graph include only door handles mounted on doors. When
testing a door handle that is not mounted on a door, object
recognition could only detect it reliably from a distance under
1.9 m. The measurement of the gripper’s distance sensor is
used to determine if the object detection result should be
used. Thus, unreliable object detection results are filtered
out.
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objects in order to achieve certain exibility and increase theis]
gripping force here as well.

Future work will aim to address the autonomy and to solve
complex manipulation tasks. It is a priority to add more
operator assistance functions and a more user-friendly way %]
operation. To improve its performance, a more robust dataset
could be created and a model trained for Al-based-decision-

making.
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