
  

 

Abstract—In this paper, an online path planning method is 

presented which has its application in the realm of human-robot 

interaction and cooperation. Accordingly, a special interest in 

the safety behavior and effectiveness of the system is taken. 

Results are presented and discussed with focus on these aspects. 

Thus, systems gaining greater autonomy in production without 

safety fences are feasible and enable close human-robot 

interaction. 

I. INTRODUCTION 

To achieve human-robot-cooperation in the realm of 
industrial robotics is a challenging task. In order to realize 
safety for human co-workers fences are installed or the robot 
stops its motion in case of human intrusion into the robots 
working area. Consequently, no real interaction between robot 
and human sharing space and time can be found. 

Due to some progress in the past some modern working 
cells are equipped with laser scanners for the purpose of 
foreground detection. But with such a setup no meaningful 
contribution towards scene understanding can be gained. 
Thus, no intentional and directed interaction can be achieved. 

We are conducting research on scene reconstruction and 
robot motion planning in a human centered production 
scenario in order to enable interactive and cooperative 
systems. Achieving reliable path planning under 
consideration of the human co-workers pose in the robots 
working area founds the basis for safe human-robot 
interaction. Moreover, due to human interactions the path 
planning needs to adapt to dynamic changes in the 
environment. In previous work, a framework for human-
robot-cooperation (MAROCO) was introduced incorporating 
a first approach to safe robot motion planning [1, 2]. The here 
presented work improves and expands the path planning 
module in the framework. 

The remainder of this paper is organized as follows. In 
Section 2, selected research work on path planning is 
presented.  In Section 3, a short overview of the MAROCO 
framework and relevant modules is given. In Section 4, the 
path planning method is detailed and its process sequence is 
explained. In Section 5, experimental evaluation is given and 
results are discussed. Finally, Section 6 gives a summary and 
some hints for future work are mentioned. 
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II. RELATED WORK 

Path and motion planning for robots is an important 
means for enabling autonomous robot movement in its 
environment. Different distinctions of path planning have 
developed. On the one side, there are purely reactive planners 
such as behavior based path planners [3] or potential field 
methods [4]. These approaches are based on local information 
of the environment and, thus, prone to local minima. On the 
other side, there are deliberate planners which process global 
information. These planners are based on searching through a 
graph which represents the robots configuration space [5]. In 
order to achieve fast online planning, there is an offline phase 
in which the search-graph structure is computed. 

In [6], a deliberate path planning method based on 
Dynamic Roadmaps is presented [7]. The system is 
implemented for a robot arm on a mobile platform which is 
used in a service oriented scenario. Thus, movement of the 
robot arm needs to react on changes in the environment and 
plan its path accordingly. The presented system uses a time-
of-flight sensor to detect obstacles and update a voxel model 
of the environment. This is used to update the search graph. 
The approach achieves planning times of less than 100 ms 
and is argued to be faster than human reaction times. 

In [8], a hybrid method of reactive and deliberate planners 
is presented. A roadmap based method is used to determine a 
path before motion execution. During robot motion the 
environment model is updated with changed geometric data. 
In order to avoid collisions the path is adapted based on local 
information. If the change of the path in the adaptation step is 
too big a complete re-planning is invoked. The purpose of 
path adaption is to reduce the number of planner invocations 
and, thus, increase the overall system performance. Presented 
results were obtained from simulation only and demonstrate 
the validity of the approach. 

A different approach to accelerate system performance is 
followed in [9] by using GPU-based parallel algorithms for 
collision checking. This allows evaluating multiple 
configurations simultaneously and performing efficient 
collision queries. Similar to [6], collision free paths can be 
computed in less than 100 ms. 

III. THE MAROCO FRAMEWORK 

In order to realize a comprehensive approach to cognitive 
robotics and enabling human-robot interaction the MAROCO 
framework was implemented. Sensing of the robots working 
area is accomplished by a time-of-flight bases camera. Due to 
occlusion reasons it is mounted at the ceiling, thus, allowing 
handling of objects and arbitrary robot motion. 

Based on the depth information of the working area the 
human kinematics can be reconstructed without the need of 
marker [1]. The reconstructed model of the human co-worker 
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is embedded into the overall scene of the working cell (see 
Fig. 1). 

  
Figure 1.  Human kinematics reconstruction based on depth information 

from time-of-flight camera (left) and the overall scene (right). 

The information about the human pose and its relation 
towards the robots is used for risk assessment and estimation. 
Due to the fact that safety is a crucial feature in productive 
interaction scenarios, different methods for risk estimation 
were implemented and evaluated [10]. 

Based on the risk assessment different strategies for risk 
minimization are feasible. In contrast to sole robot velocity 
adjustments actual re-planning and active collision avoidance 
is more challenging and rewarding. As shown in Section 5, a 
robots’ capability to maneuver around obstacles increases 
throughput and productivity. 

IV. METHOD DESCRIPTION 

The path planning method is based on the idea of 
Dynamic Roadmaps and, thus, consists of two phases. An 
offline phase captures the configuration space and maps it 
onto a graph structure. The online phase is used to do the 
actual planning through graph updating and searching. 

A.  The Offline Phase 

In the research of the last decade, especially randomized 
sampling based techniques to capture the free configurations 
space (CSpace) have gained popularity. These techniques 
achieve improved performance while not striving for 
optimality [5].  

In our work, the robots’ environment can be dynamic due 
to human interaction. Thus, the free CSpace is not 
distinguishable from the overall CSpace a-priori. 
Consequently, we implemented a systematic and 
deterministic sampling method which intersperses the CSpace 
in regular intervals. Moreover, virtual fences can be defined 
to restrict the work space of the robot, thus, accounting for 
walls, other stationary machinery or adapt the work space 
depending on task and interaction scenario (see Fig. 2). 

Based on requirements defined in EN ISO 10218-1 
distance between robot and human and resulting risk have to 
be assessed and need to influence the robots’ velocity. In 
order to enforce these requirements early in the planning 
process, a predefined velocity distribution over the work 
space can be set. Doing so, safety of virtual fences can be 
enforced. Also, if the interaction space of human and robot is 
known a-priori, the robots’ velocity in that space can be 
reduced and defined in the offline phase. 

  

Figure 2.  Virtual fences for adapting work space to task. 

The sampled configurations are used as nodes in a search 
graph. Each node is augmented with its predefined maximal 
velocity if any is given. Each node is then connected with its k 
nearest neighbors.  

B. The Online Phase 

The Dynamic Roadmap method as presented in [7] 
defines a mapping from work space to configurations in the 
roadmap. This mapping is based on a discretization of the 
work space into cells. Each cell is linked to the corresponding 
nodes and edges in the roadmap. During run-time occupancy 
of the cells are tested and linked nodes are invalidated. 

This procedure has two drawbacks that our approach 
avoids: 

 All configurations linked to an occupied cell are 
invalidated. This is also done, if only a very little 
proportion of the cell is actually occupied. This 
does also depend on cell size, thus resolution. 

 Invalidation is only dependent on actual physical 
obstacles and their spatial circumference. 
Situation dependent risk estimations cannot be 
respected. 

The human kinematics reconstruction allows us to 
approximate the human pose geometrically through a sphere 
model, thus, representing the human kinematics through a 
dense set of spheres. Such a sphere model is also defined for 
the robot. This enables fast distance computations and, thus, 
collision checking (see Fig. 3). Moreover, we use a two-
threaded fuzzy logic system for risk estimation of a situation 
based on the humans head pose and its relations to the robot. 

 
Figure 3.  Fast distance computations with sphere models. 

Consequently, the update and invalidation of the graph 
nodes is done during search time. For defining a configuration 
as colliding two criteria can be used: Distance human to robot 
or distance in combination with the risk assessment. Our 
reasoning about risk is that if the human co-worker is seeing 
what actions the robot is performing it is less risky than if the 



  

human is turned around and is distracted. In the latter case, 
the human might take a step back and walk unintentionally 
into the robot. Accordingly, greater distances need to be 
enforced in such a case. Thus, the combined criterion allows 
for better situation dependent planning and is used in the 
online phase. 

Another important aspect that influences the search time 
and path quality is the used heuristic function during the A*-
search. In contrast to [6] and [7] which use workspace 
metrics, our approach uses a configuration space metric, 
namely Euclidian distance. Due to the fact that different 
configurations can reach the same pose in work space a 
simple work space metric based on tool center point (TCP) 
positions is unsuitable. Thus, work space metrics can be 
devised that consider a set of reference points on the robot 
surface additionally to the TCP [6, 7]. We argue that the path 
of the robot is captured best in CSpace because shorter 
angular distances result in more efficient paths. Thus, the 
Euclidian metric is applied directly to the configurations 
avoiding detour computations through work space metrics. 

The risk assessment for a given configuration and a 
human pose can also be used to guide the robots velocity. As 
stated above, it is required by normative regulations to adapt 
the robots velocity due to a humans’ presence. Thus, the risk 
value yields a safety value in the interval (0, 1], with 0 being 
defined as colliding and 1 as safe. This safety value can be 
mapped onto the interval [ε, 1] which can be regarded as 
maximal allowable velocity for robot movement with ε being 
a minimal velocity so that the robot will move with a safe 
velocity in risky but non-colliding configurations. 

The maximal allowable velocity value can be used two-
fold: Firstly, it augments the resulting path so that the robot 
motion can comply with these parameters. Secondly, the node 
evaluation function f, given in (1), is adapted to prefer faster 
paths over slower ones by modification of function g which is 
a measure for the distance from starting configuration to 
current node i. The parameter sk resembles the reciprocal 
maximal allowable velocity for node k. 

f(vi) = g(vi) + h(vi)

g(vi) = sk+1 vk-vk+1 k = 0, …, i-1)

This modification increases the g-value for a node if it has 
a safety value smaller than 1. Moreover, the heuristic function 
is unchanged and does not account for future possible slower 
path traversal in order to be admissible and optimistic. This 
divergence of functions g and h leads to more expanded nodes 
and, thus, longer search times but generally better paths as is 
shown in Section 5. 

C. Reactivity in Changing Environments 

In order to react on a moving human co-worker the system 
has to check for imminent collisions along its planned path. It 
is not efficient to compute collision detections for the whole 
path during robot motion because possible collision at the end 
of the path might not actually occur when the robot reaches 
these configurations. Thus, for determining possible collisions 
a limited look-ahead is used to check a set of close-future 
configurations. These are determined by extrapolation along 
the planned path for a certain distance and computing 
distances and risk assessment. In order to cope with 

discretization of the look-ahead a safety clearance for each 
configuration is defined in which no obstacle is allowed to 
appear. 

If the look-ahead detects an imminent collision during 
robot motion the robot is stopped and a path re-planning is 
invoked. The current robot configuration is used as starting 
configuration whereas the goal is kept unchanged. As soon as 
the re-planning has found a suitable path the robot continues 
its motion. 

In contrast to our previous work, path re-planning is not 
preemptive but uses its own thread for computations. This 
change is necessary due to further developments of additional 
functionality in the framework. More modules require 
processing time, thus, continued use of the preemptive 
approach would require smaller time slices and result in usage 
of more processing cycles for path finding. Consequently, the 
dynamics of the work space cannot be captured by the 
planning module and the system would seem not as 
responsive. 

During path search the core MAROCO modules are 
processed with a high priority, thus, allowing timely 
processing of the sensor data and safe stopping of the robot. 

V. EXPERIMENTAL RESULTS 

For experimental analysis different scenarios were 
examined. Specifically different approaches to node 
evaluation during A* search were tested. These evaluation 
methods are: 

 Using Euclidian distance for g(vi) (Type 1), 

 Using modified g-function (Type 2), 

 Instead of defining a safety value of 0 to be 
colliding using a value ε > 0 (Type 3). 

Moreover, runtime tests were conducted without any re-
planning in order to verify the effectiveness of planning in 
contrast to stopping the robot and waiting for obstacles to 
disappear. 

A sequence of a human moving in the work space was 
recorded. During evaluation this sequence was played back in 
a loop and used as sensor input. The sequence consists of 
2000 frames in which the human moved freely in the sensor 
area. The motion consisted of linear and circular paths with 
habitual and different walking velocities. In total 9000 frames 
were analyzed for each node evaluation method.  

During evaluation different parameters were recorded (see 
Table I). In order to capture the effectiveness the number of 
finished paths and canceled paths is of interest. Canceled 
paths are those that are interrupted before reaching the goal 
due to invocation of re-planning. The big discrepancy of the 
number of canceled paths of type 1 and the others is mainly 
caused by paths that are not even started because the planning  
returned a colliding look-ahead already in the frame after 
planning. Thus, the re-planned path was valid in its instance 
but due to human motion was invalidated the next moment. 
This is caused by planning very close to the risk-safety 
boundary which might change drastically if the human is 
turning around. It resembles the fastest way around the 
obstacle towards the goal but is not concerned with possible 



  

future risk increase. The number of finished paths, on the 
other hand, counts the times the robot reached its goal. 

TABLE I.  EVALUATION RESULTS 

Evaluation method type Type 1 Type 2 Type 3 

# finished paths 44 46 42 

# canceled paths 109 24 15 

# searches total 433 316 675 

# successful searches 151 70 57 

# unsucessful searches 282 246 618 

Avg. path length 17.7 19.1 18.5 

Avg. time for successful 

search [ms] 
27.33 233.68 62.63 

Avg. time for unsuccessful 
search [ms] 

294.89 371.44 227.31 

Avg. time search total [ms] 201.58 340.92 213.41 

 

In the case that no path re-planning was used 41 finished 
paths were recorded. As can be seen in Table 1, all versions 
of path re-planning were more effective. In case of type 3 the 
difference is only one more finished path. This is due to the 
recorded sequence in which the human was almost always in 
motion, thus, not blocking the robots path for long. For such 
dynamic and risk dependent scenarios new benchmarks need 
to be defined in order to truly assess effectiveness. The here 
presented evaluations give a starting point and help for 
improving developed algorithms. 

Overall, the evaluation method considering maximal 
allowable velocity (type 2) achieves most finished paths and 
has less than a quarter of canceled paths compared to basic 
Euclidian node evaluation (type 1). In comparison of needed 
search time type 2 is about 8 times slower for successful 
searches than type 1. In average over all searches the factor 
decreases noticeably to approximately 1.7. The higher 
effectiveness of type 2 is contrasted by the higher timely 
requirements. Type 1 also requires more searches in total due 
to more canceled paths, thus, reducing effectiveness.  

In comparison with [6] and [7], it is notable that our 
runtimes are slower by a factor of three for type 1 planning. 
This is due to required forward kinematics computations in 
order to assess the robot and human pose dependent risk 
value. Thus, reactivity is slower but greater safety is achieved 
which in turn decreases the need for many re-planning 
invocations, especially for type 2 planning. Moreover, as 
demonstrated in [9], GPU accelerated computation can help 
improving runtimes. This might also be applicable to our 
approach. 

In Figure 4, the correlation between the number of 
expanded nodes and the needed runtime for re-planning is 
shown for each node evaluation method. It can be seen that 
for all types there is a clear linear correlation between 
expanded nodes and required search time. Due to the 
properties of the A* algorithm this is to be expected. 

For type 1 there is a clear distinction and clustering. 
Searches that expand more than 1000 nodes return 
unsuccessful. A similar cluster of unsuccessful searches can 

be seen for type 2 but successful searches are stretched over 
the scale and even a high number of expanded nodes might 
lead to a found path. This behavior is caused by striving for 
faster paths rather than shorter ones. In cases of narrow 
passages in which the risk is high a faster detour is searched. 
But, instead of failing, this passage can be slowly traversed. 
Type 3 has overall different characteristics. In order for a 
search to fail comparably few nodes need to be expanded. 
This is due to the increase requirement for safety evaluation 
of a node. Narrower passages get blocked and dead ends are 
reached. 

 

 

 
Figure 4.  Distributions of runtime over number of expanded nodes for 

successful and unsuccessful searches. Runtime is given in [ms]. Top: Type 

1. Center: Type 2. Bottom: Type 3. 

Different planned paths for type 1 and 2 are given in 
Figure 5. The paths are symbolized by the trajectories of the 
TCP. The top left image shows the original planned path with 
the human standing far away and watching the robot. An 
indication of the overall risk assessment is symbolized by the 
color of the human model. Thus, green means safe and red 
shows a high risk value. The color can vary between these 
two poles. 

The human poses depicted in the top right and bottom left 
images of Figure 5 are similar but the resulted re-planned 
paths differ noticeably. The images show the outcomes of 
type 2 and type 1 planning respectively. Type 2 planning 



  

keeps a greater safety margin to the human, whereas the type 
1 planning finds a shorter path. The resulting higher risk 
assessment of the type 1 result can be seen due to higher red 
values of the human model. A short step backwards of the 
human would result in a new re-plan invocation. 

 

 
Figure 5.  Examples for re-planned paths. Top left: Original plan. Top right: 

Re-planning type 2. Bottom row: Type 1 re-plans for different situations. 

As can be seen in the bottom right image, the human has 
to move rather close to the original path in order to provoke 
similar results as type 2 planning (see Fig. 5). Consequently, 
searching for paths utilizing higher robot velocity results in 
safer paths. 

VI. SUMMARY AND FUTURE WORK 

In this work, we demonstrated and evaluated a reactive 
online path planning method in conjunction with safe path 
traversal. Imminent collisions and high-risk situations are 
detected and path re-planning is invoked accordingly. 

For path planning the Dynamic Roadmap approach was 
adapted in order to cope with situation dependent risk 
assessment. Instead of invalidating sets of configurations that 
are linked to an occupied cell in work space each expanded 
node of the search graph is evaluated separately. This leads to 
longer processing time compared to [6, 7] but increases safety 
margins and allows situational robot velocity specification. 

For experimental analysis different node evaluation 
methods were implemented and compared. All methods 
enabled safe robot motion but achieved differing 
effectiveness. Even though requiring more processing time 
during search the method preferring faster paths over slower 
ones achieved best effectiveness with most finished path 
traversals and only a few canceled ones. 

The presented method allows for effective human co-
worker avoidance. In shared work spaces this is a necessity 
and results in higher productivity and safety at the same time. 
In contact based cooperative scenarios this approach needs 
adaption in order to allow intentional “collisions”, hence 
robot guidance or joint object manipulation. Nevertheless, 
safety is of utmost concern and has to be guaranteed during 
human interaction. 

Reducing the required processing time during search is a 
further point of improvement. Using acceleration techniques 
provided by GPU processing might lead to better 
performances and need further investigation. 
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