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ABSTRACT 

 
This paper addresses the problem of the utility of 
exploration on time-critical mobile-robot missions. It is 
argued that in large environments mission-oriented mobile 
robot applications can become more efficient if the 
exploration strategy considers knowledge already gained 
and its applicability during the rest of the mission. This 
hypothesis is verified in a model test environment with 
Khepera robot. The conclusion is that that mission-
oriented exploration heuristics could be considered in 
mobile robot applications that are time-critical, where the 
robot is operating in a large unknown environment and if 
this environment is hazardous. 
 

1. INTRODUCTION 
 
A mobile robot operating in a real-world environment 
faces several fundamental problems. Most important of 
them is the ability to build the model of the environment 
[1], to plan routes [2] and to follow them while avoiding 
unknown obstacles [3].   

These problems need to be tacked in all applications of 
mobile robots, such as transportation, surveillance or 
guidance [4,5]. Vast amount of mobile robot research 
addresses the problem of exploration and environment 
mapping [6,7].  Gaining knowledge about the surrounding 
environment and keeping it updated is the necessary 
precondition of successful performance.  

In practical applications, exploration of the 
environment is usually risky and time-consuming. The 
environment can be hazardous and damage the robot. 
Exploration of a large environment takes lots of time and 
computational resources.  

From the utilitarian point of view, knowledge about 
the environment is useful only as long as it increases the 
performance of the robot.  In many cases the application 
does not require the exploration of the whole environment 
(e.q. fetch and carry tasks) while in other applications, 

such as demining or search and rescue, the task definition 
implies a systematic search of the whole area [8,9,10]. 

This paper addresses the problem of the utility of 
exploration for time-critical mobile robot missions. It is 
assumed that the environment is very large and therefore 
exploration is time-consuming. The environment can also 
be hazardous and degrade the performance of the robot or 
slow it down. The assumption is that exploration and 
mapping are not goals by itself but means that permit the 
robot to fulfill its mission. 

Related work that consider the utility of route planning 
usually do not address the utility of exploration but rather 
evaluate the risk of navigation locally, e.g. in terms of 
possible collisions or the characteristics of the terrain [11, 
12, 13, 14]. 

We propose a heuristic exploration strategy that 
chooses between exploring new areas and exploiting 
knowledge about the already explored areas. The 
decision-making is based on the mission plan. The 
heuristic decision maker takes into consideration the 
amount of knowledge acquired so far and its applicability 
during the rest of the mission. 

We test the strategy in a model environment with the 
Khepera robot. The test results show that this mission-
oriented heuristic can be useful for mobile robots on time-
critical missions. 

 
2. MISSION-ORIENTED EXPLORATION 

 
In this section we describe the problem and outline the 

exploration strategy of the robot.  
We assume that the robot is operating in a previously 

unknown environment. The goal of the robot is to fulfill a 
mission plan. The mission plan is known in advance, 
consisting of target points that the robot has to reach in a 
predefined order (e.g. a transportation task, escorting or 
surveillance problem).   

The target points are defined by their global 
coordinates. This paper is concerned about exploration 
strategy of time critical missions and therefore we do not 



address the problem of map building and localization in 
this context. We therefore assume that the robot is able to 
localize itself rather accurately (e.g. as with GPS or 
pseudolite localization). It is also assumed to have an 
environmental model in the form of a grid-based map. In 
the beginning of the mission the environment is unknown 
and the map contains only very general information (the 
size and shape of the environment). The robot has no 
knowledge about the obstacles or any other environmental 
factors that can degrade its performance. The robot learns 
the environment while traversing it and completing its 
mission. It updates the map when it detects obstacles with 
its on-board sensors.  
 
2.1. Exploration Strategies 
 
We verify two exploration strategies that are exploration 
oriented to a different extent. The bottom line of the first 
strategy is to always take a new route to the target (i.e. 
explore the environment) if it is expected to be better than 
the routes known so far.  

The second strategy has a more conservative attitude 
against exploration. The difference from the first, greedy 
strategy is that, when gaining new knowledge it also 
considers the mission plan. The new knowledge is gained 
more probably when it is often used during the rest of the 
mission. Also knowledge that is used in the nearest future 
is gained more probably than knowledge used after a long 
time. 

The robot has to reach predefined target points 
where }g ..., ,g ,{g G n21= g is the grid cell on the map 

of the robot.  The mission consists of traversing the target 
points in a predefined order 
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In addition to the map that is constantly updated the 

robot also saves the entire followed path P . A path is 
stored as a sequence of grid cells. For every task m  of 
the mission 

i

M it can choose between using an already 
followed path and a new path. The new path can contain 
segments that traverse unexplored regions.  

The traversed paths are stored together with statistics 
characterizing their traversability. The average time of 
following a path t is used later when the strategy 
chooses between exploration and exploitation of the 
known tracks. 

)(P

Every time the robot traverses the environment the 
map is updated so that the knowledge about the 
environment accumulates during the mission and every 

time when a new path is planned this new knowledge is 
taken into account. 
 
2.2. Greedy Exploration Strategy 
 
The greedy exploration strategy always chooses a new 
path if it predicts it to be better than the best known one. 
The predicted average time of the new path t  is 
verified to the best average time of the paths stored so far 

.  If 

)( newP

)( bestPt )()( bestnew PtPt < then the new path  is 
chosen.  

newP

While following the planned path, the robot does not 
try to stay on the predefined path if the obstacles are 
encountered but replans a new path to the target point 
through the possibly unexplored regions.  

 
2.3. Conservative Exploration Strategy 
 

This exploration strategy makes the decision 
between using the best-known path  and a new path 

 by considering exploitation of this knowledge in the 

future. It chooses  if the task is not encountered 
often in the past and if it is needed often during the rest of 
the mission. The sooner during the mission new 
knowledge will be needed the more  is preferred. 
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denote the number of similar tasks completed in the 
past. Since it was assumed that the robot knows its 
mission plan it can be counted how many times a task 
similar to has to be completed in the future. im
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If  1>
Future
Past

, then it is determined that the robot has 

gained enough knowledge about the environment and the 
further exploration is not beneficial. The path  will 
be chosen and followed. If unexpected obstacles are 
encountered during the path following, the robot replans 

bestP



the path but tries to return back to the initially chosen path 
 to avoid unexplored regions. bestP

 
 

 

If 1≤
Future
Past

 then the robot chooses  because very 

little of the environment is still explored or because the 
new knowledge gained can be used in the future to 
increase the performance. 

newP

 
3. EXPERIMENTAL SETUP 

 
3.1. Test Environment 
 
The experiments are conducted using a mini-robot 
Khepera. It is a differential drive miniature circular robot 
(with radius 26 mm) equipped with IR sensors for 
collision avoidance and it can be connected to a PC over a 
serial link.   

Figure 2. The test environment. The localization system is presented in Figure 1. A 
video camera is mounted to the ceiling to recognize the 
position and orientation of the robot. The PC processes 
the camera image to find robot's position and a computer 
algorithm controls the robot over a serial link. In this way 
localization errors are rather small (usually comparable to 
the size of the robot). 

 

 

 

  
Figure 3. The test environment looked through the 
overview camera with the robot recognized by the 3 
LEDs. 

 
Figure 1. The experimental setup. 

 
 The test environment is represented in Figure 2. The 

size of the test environment is 2320mm × 1710mm. In the beginning of the mission the robot is not 
aware of any obstacles in the environment. While it 
traverses the environment it updates the map and records 
all the detected obstacles so that as the mission proceeds 
its environmental model becomes more and more 
complete and consistent.   

Figure 3 shows the test environment as seen from the 
overhead camera. The position and the orientation of the 
robot are recognized with the help of 3 LEDs forming an 
equilateral rectangle.   

Figure 4 is the graphical interface of the computer 
program that controls the robot and monitors its behavior. 
The coordinates of the target points are marked with the 
symbols G1, G2, etc. The thick line represents the path of 
the robot to the goal. Black cells represent obstacles 
detected with the onboard sensors. The gray and dark gray 
boxes are respectively unknown areas of slow and extra 
slow motion. 

In addition to the obstacles there are some regions in 
the environment where the motion of the robot is slowed 
down.  These regions are introduced to simulate regions 
that in real robot applications are difficult to traverse (e.g. 
because of rough terrain). The robot is not aware of the 
presence and location of such regions and these are also 
not reflected on the map. These areas are represented in 
the Figure 4 as the shaded regions. 



 

 
 
Figure 4.  The control interface of the robot.  
 
3.2. Test trials 
 
The purpose of the experiments is to test whether the 
conservative exploration strategy gives better results than 
the greedy strategy in the presence of hazard and 
uncertainty. 

We test both missions in equal conditions. The robot 
is given a mission consisting of 31 tasks and the goal of 
the robot is to fulfill the mission as fast as possible.  

The environment, the task and the robot are identical 
in both cases. The test trials only differ by the exploration 
strategy used.  

The mission plan (the sequence of target points to be 
traversed) is the following: 

 
G1  G2  G1  G3  G1  G2  G4  G2 G1  G2  G1  G3  

G1  G2  G4  G2 G1  G2  G1  G3  G1  G2  G4  G2 G1  G2  
G1  G3  G1  G2  G4  G2 

 
The target point G1 corresponds to the point marked 

with G in Figure 4 in the lower-left corner, G2 in the 
upper-left corner, etc. in the clockwise direction. This 
plan implies that the robot traverses often between G1 and 
G2 but quite seldom between the target points G2 and G4 
or G1 and G3. Some parts of the environment, like those 
between G4 and G3 are not traversed at all. 

Since the different regions of the map are traversed 
with the different intensity, exploring some regions 
becomes more important from the point of view of the 
mission than exploration of other regions.  

The model environment is kept static during the 
mission. No dynamic obstacles are introduced. Obviously, 
this is not a realistic assumption on real robot missions. 
However, the goal of the tests is to show the advantages 
or disadvantages of an exploration strategy and the static 

environment guarantees that if one exploration strategy 
outperforms another then this is caused by the strategy but 
not by the changes in the environment.  

Although the environment is kept static, the robot in 
the model environment still has to tackle problems caused 
by uncertainty of sensor readings, odometric errors and 
small localization errors due to the image recognition 
system. The generation of new paths  is stochastic 
and therefore the performance of the robot depends to a 
great extent on a stochastic  algorithm. We therefore 
conducted several pairs of test trials to show how much 
the test results diverge.  

newP

The map and the memory (containing the traversed 
paths and their average traveling time) are stored after 
every task. All test data is available at 
http://math.ut.ee/~kristo/khepera/heuristic/ 
 

4. EXPERIMENTAL RESULTS 
 

The goal of the robot was to fulfill the mission as fast as 
possible. Therefore the average time of the mission is the 
most important parameter indicating the efficiency of the 
exploration strategy.  

The chart in Figure 5 shows the duration of the 
mission. Time of fulfilling 31 tasks is 16.74% shorter 
when the conservative exploration strategy is used. While 
both of the exploration strategies perform equally well in 
the beginning of the mission, the conservative learning 
strategy starts outperforming the greedy strategy after 10 
first tasks.  
 

 
 
Figure 5.  The duration of the mission. 
 
The white area in Figure 6 show regions explored during 
the mission when the conservative exploration strategy is 
used. The mission plan requested frequent traversing 
between the lower left and upper left corner of the 
environment and it appears that the robot has explored 
these regions most extensively while the rest of the 
environment is searched less thoroughly. 

http://math.ut.ee/~kristo/khepera/heuristic/


 
 
Figure 6. Explored areas with the conservative 
exploration strategy. 
 

 
 
Figure 7. Explored areas with the greedy exploration 
strategy. 
 

The white area in Figure 7 show regions explored 
with the greedy exploration strategy. It appears that 
almost the whole environment is searched and most of the 
obstacles are mapped. The robot has also been extensively 
traversing the areas of slow motion (marked with gray) 
that have eventually slowed the mission down as well as 
frequent replanning and maneuvering around detected 
obstacles.  

Another indicator that shows the difference between 
the conservative and the greedy exploration algorithm is 
the number of reused paths. Traversed paths are stored in 
robot’s memory together with statistics showing their 
average traversing time. Results show that the greedily 
exploring robot used already traversed paths in 51% of 

tasks while the conservative robot relied on its past 
experiences in 67% of the cases.  
 

5. CONCLUSIONS 
 
This paper presented an exploration strategy for a mobile 
robot in large hazardous environments. It was presumed 
that the robot is working under time constraints. We 
presented a heuristic exploration strategy that chooses 
between exploration and exploitation considering the 
amount of knowledge gained so far and the applicability 
of this knowledge during the rest of the mission.  

We simulated a time-critical mission by conducting 
experiments in a model environment with a Khepera and 
verified the heuristics with a greedy exploration strategy. 
The test results showed that the robot using the 
conservative exploration strategy is able to fulfill the 
mission approximately 17% faster than the robot using the 
greedy exploration strategy. 

These test results reveal that it can be useful to 
choose between exploration of the environment and the 
exploitation of the knowledge gained depending of the 
nature of the mission and the environment. Gaining as 
much knowledge as possible about the surrounding is not 
necessary beneficial if the mission time is limited.  

The performance of the conservative exploration 
strategy undoubtedly depends on the environment where 
the robot is operating and on the mission assigned. We 
therefore are careful with generalizing these results too 
much. Certainly, there exist environments and 
assignments where the greedy exploration strategy would 
be more efficient. More experiments in different 
environments (e.g. cluttered, free space, corridor-
environments, multiple rooms, etc.) and different path 
planning methods are required  to validate the presented 
approach. 

We conclude that mission-oriented exploration 
heuristics could be considered in mobile robot 
applications that are time-critical, where the robot is 
operation in a large unknown environment and when this 
environment is dangerous. We also suggest that this or 
similar heuristics can be applied for other learning 
problems in mobile robotics. 
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