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Abstract: A mobile robot usually works in dynamic environments with many uncertainties caused by 
either humans or various obstacles. Such uncertainties may cause unexpected error situations that often 
lead to navigation failure. Therefore, the robot should be able to recover from these unexpected error 
situations. This paper proposes an error recovery framework based on generalized stochastic Petri nets 
(GSPN). The approach can provide several advantages. The proposed framework can model various 
error situations occurring in real environments, thereby enabling a robot to recover from error 
situations autonomously. The modeling, analysis, and performance evaluation can be also carried out 
using the GSPN model. Experimental results show that the proposed error recovery framework is 
useful for dependable navigation of a mobile robot operating autonomously. 
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1. INTRODUCTION 
 
Navigation is one of the most important issues in 

service robotics. Dependable navigation requires various 
navigation components such as localization, path 
planning, mapping and so on. Although all these 
components work successfully, it is still possible that a 
robot fails to accomplish dependable navigation. For 
example, a localizer often shows poor performance when 
the map is different from the real environment because of 
artificial or natural changes occurring in the environment. 
Another example is goal occupation by a dynamic 
obstacle. In this case, a robot would move around the 
goal or collide with an obstacle. Obviously, there is a 
limit to predicting and dealing with such occasions.  

It is necessary, therefore, to develop a method that 
enables a robot to detect unexpected situations and 
recover from their effects. Many problems associated 
with dependable navigation still remain unsolved, 
although dependability is a key to the practical use of 
service robots in the real world. Unexpected situations 
were not properly handled even in successful navigation 
systems such as MINERVA [1], Robox [2] and Xavier 
[3]. These systems usually operated in a structured 

environment for a relatively short period of time. 
However, dependable navigation requires a well-defined 
software framework and sufficient components to cope 
with unexpected situations. Most service robots have a 
limited ability to deal with error situations, so they 
cannot be employed reliably in applications. This paper 
proposes an error recovery framework that adopts a 
generalized stochastic Petri net (GSPN) [4,5] model 
among many modeling methodologies described for 
discrete event systems. The main contributions of this 
approach are as follows. First, the proposed framework 
can model various error situations occurring in real 
environments, which enables a robot to recover from 
such situations autonomously. Moreover, the robot 
automatically evaluates its navigation performance from 
the accumulated data so as to improve its future 
operations. Second, the modeling, analysis, and 
performance evaluations of the framework are also 
conducted using the GSPN. The GSPN model has 
several advantages. First, from the viewpoint of control 
logic design, the GSPN is more useful than finite state 
automata (FSA) because the automata are not suitable to 
describe the concurrence of activities in the system. 
Second, the qualitative and quantitative analysis for the 
system by Petri Net (PN) is more powerful than by FSA 
or by the Markov process (MP) [6]. For example, the 
number of places and transitions of a GSPN only 
increases slightly as the system complexity increases. On 
the contrary, the number of states of an MP model 
increases exponentially with system complexity. The 
remainder of this paper is organized as follows. Section 2 
presents an overview of the navigation system used in 
this research and Section 3 describes the error recovery 
framework. Section 4 deals with the GSPN-based 
performance analysis of the error recovery framework 
and Section 5 presents experiment results. Finally, 
conclusions are drawn in Section 6. 
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2. OVERVIEW OF NAVIGATION SYSTEM 
 
This section overviews the terminology and architec-

ture of a navigation system and the map used in this 
system. A control component supervises and communi-
cates with other components. A navigation component 
performs various navigation functions such as autono-
mous navigation (called ‘AutoMove’), autonomous map 
building (called ‘AutoMapping’ and so on. It consists of 
various primitive modules. A perception component 
extracts meaningful data from raw sensor data. The 
typical example is the ‘ObjectRecognizer.’ A cognition 
component assists a robot in deciding how to act to 
achieve its tasks. The typical example is ‘Error 
Recoverer.’ Primitive modules are the essential elements 
for construction of components. For example, the 
‘AutoMove’ component consists of various primitive 
modules such as ‘PathPlanner,’ ‘Mapper’ and so on. 

Fig. 1(a) illustrates the relationship between primitive 
modules and general components. Fig. 1(b) shows that 
the general components are supervised by the control 
component, and the communication between general 
components is conducted through the control component.  

Some typical behavior components, an understanding 
of which is necessary to review the proposed framework, 
are as follows. ‘AutoMove’ is one of the navigation 
components required for a robot to move to the goal with 
both shortest path planning and obstacle avoidance. 
‘ContourTracking’ is also a navigation component, and 
is required for a robot to move to the goal without path 
planning. ‘AutoMapping’ is another navigation compo-
nent required for a robot to generate an environmental 
map by the SLAM algorithm [7-9]. And ‘Error 
Recoverer’ is the cognition component by which the 
robot decides on a suitable behavior for error recovery.  

Now the map is described in detail. Fig. 2(a) shows a 
grid map which is generated by range sensors such as a 
laser scanner, IR scanner or ultrasonic sensor. The object 
map, which is generated by a camera, consists of various 

object images as shown in Fig. 2(b). The object map has 
the position information of each object image for 
localization. The hybrid grid/object map contains the 
information on both the grid and the object map in one 
map, as shown in Fig. 2(c). Fig. 2(d) shows the 
probability map generated by the ‘Mapper’ during the 
‘AutoMove’ behavior. It represents information on the 
dynamic and static obstacles in terms of probabilistic 
value. Finally, Fig. 3 shows the architecture of the 
navigation system that employs both a range sensor and a 
camera. It is classified into four parts; a vision frame-
work, a mobile framework, a localization framework and 
an error recovery framework. Each framework consists 
of control components and general components (e.g., 
navigation, perception, and cognition). 

(a) Grid map. (b) Object map. 

(c) Hybrid grid/object map. (d) Probability map. 
Fig. 2. Four types of environmental maps. 
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Fig. 3. Architecture of navigation system. 

 

 
Fig. 1. (a) Relationship between primitive modules and

general components, and (b) relationship between
general components and control components. 
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3. ERROR RECOVERY FRAMEWORK 

 

3.1. Overview 

Fig. 3 shows the proposed error recovery framework, 

which consists of two components: the error recovery 

supervisor (ERS) and error recoverer (ER). The ERS 

communicates with the other control components such as 

the vision supervisor, mobile supervisor, and localization 

supervisor in order to obtain the error-related information. 

Several components such as ‘AutoMove,’ ‘Localizer,’ 

and ‘ObjectRecognizer’ report the internal states and 

environmental information in the form of events to the 

error recovery framework. For example, if the ERS 

receives an event (e.g., path blocking) from the mobile 

supervisor during ‘AutoMove’, then it suspends the 

‘AutoMove’ behavior until a new path is detected. If the 

ERS receives a new event (e.g., new path generation), 

then it resumes ‘AutoMove,’ which allows a robot to 

return to normal operation. To analyze and handle the 

events that are usually reported asynchronously, the 

proposed framework is designed based on the GSPN 

model. The GSPN model will be discussed in the next 

section. 

 

3.2. GSPN model of error recoverer 

Fig. 4 shows the proposed GSPN model and Table 1 

describes the meaning of the places and transitions of 

this model. The GSPN model consists of 7 places, 11 

timed transitions, 2 immediate transitions, tokens and 

directed arcs. A token indicates that the condition of the 

place is satisfied and thus represents the state of the 

system. The directed arc from place 
i
P  to transition tj 

means that 
i
P  is an input of tj. The arc directed from 

transition tj to place Pk indicates that Pk is an output of tj. 

Moreover, a GSPN graph allows multiple arcs to connect 

two nodes (i.e., place, transition). Table 1 and 2 describe 

the places and transitions used in the proposed integrated 

navigation system. 

In this GSPN model, the firing rate plays an important 

role. As listed in Table 2, the firing rate is associated 

with each transition. Now, a brief explanation is given 

for each firing rate. Since ‘AutoMove’ is the fundamen-

tal strategy to achieve the navigation task, the firing rate 

λ1 is initially set to a much larger value than λ2 and λ3; 

say, λ1=1000, λ2=0.001, and λ3=0.001. Τhese firing rates 

are updated after every execution of navigation as 

follows: 

1& 5 2& 5 1& 6 2& 6

1 2 3
, , ,

P P P P P P P P

goal goal goal

t t t t

t t t

λ λ λ
+

= = =  (1) 

where tP1&P5 represents the time during which the tokens 

stay in places P1 and P5, and tgoal is the navigation time 

from the start to the goal for each task. 

On the other hand, λ4 indicates how frequently the 

‘ObjectRecognizer’ changes its state between P5 and P6 

on average. λ4 and λ5 are computed by 

6 5

4 5
, .

P P

goal goal

t t

t t

λ λ= =  (2) 

Since the firing rates λ 6, λ 7, λ 8, λ 9, λ 10, and λ 11 have 

little effect on performance analysis, they are assigned to 

a large value, say 1000. 

The marking M indicates which place of the system is 

enabled. In Fig. 4, tokens are assigned to places P0 and 

P5, so the initial marking is M0 = (1, 0, 0, 0, 0, 1, 0), 

where 1 indicates that a token is in the place and 0 

indicates that no token in the place. These two tokens 

explicitly represent the state of the system. In other 

words, the robot is ready for navigation by P0 and the 

environment coincides with the map by P5, as listed in 

Table 1. If navigation starts, transition t1 is fired, and 

 

Table 1. Description of places. 

Place Descriptions 

P0 Navigation is ready. 

P1 Navigation is performed using ‘AutoMove.’ 

P2 Navigation is performed using ‘ContourTracking.’

P3 Map update is performed. 

P4 No path to the goal is found. 

P5 
The Environment is Coincident with the Object 

Map. (E_C_OM) 

P6 
The Environment is Not Coincident with the 

Object Map. (E_NC_OM) 

Table 2. Descriptions of transitions. 

Transition Descriptions Firing rate

t1 Start ‘AutoMove’. λ1 

t2 Start ‘ContourTracking’. λ 2 

t3 Start ‘AutoMapping’. λ 3 

t4, (t5) 

The ‘Object Recognizer’ notices 

an object whose positions is (not) 

changed. 
λ 4, λ 5 

(t6), t7 

A robot detects (no) change in 

object pose while it reaches the 

goal through ‘AutoMove.’ 
λ 6, λ 7 

(t8), t9 

A robot detects (no) change in 

object pose while it reaches the 

goal through ‘ContourTracking.’ 
λ 8, λ 9 

t10 Finish ‘AutoMapping’. λ 10 

t11 
The ‘Path Planner’ detects the 

error of ‘no path to the goal.” 
λ 11 

t12, (t13) 
The ‘Path Planner’ (does not) find the path to 

the goal. 

 

 

Fig. 4. GSPN model of error recoverer. 
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then the tokens are assigned to P1 and P5 because the 

firing rate (λ1) of transition t1 is set to a higher value than 

those of t2 and t3.  

If the ‘Path Planner’ detects the error of path blocking 

(i.e., t11) during navigation, the tokens are assigned to P5 

and P4, which indicates that the robot stops moving and 

waits until a new path is detected. If the path planner 

finds a new path to the goal (i.e., t12), the tokens are 

assigned to P1 and P5, which means the robot restarts 

navigation. If the path planner cannot detect a new path 

(i.e., t13), the robot changes the navigation behavior from 

‘AutoMove’ to ‘ContourTracking’ and the tokens are 

assigned to P2 and P5. ‘ContourTracking’ forces the robot 

to move along the wall until it arrives at the goal, which 

enables the robot to move without path planning.  

Another example for error recovery is the detection of 

environmental changes. During navigation, if the ‘Object 

Recognizer’ detects the error related to environmental 

changes (i.e., t4), which means the recognized object 

pose is different from that registered on the object map, 

then the tokens are assigned to P1 and P6. In this case, if 

t5 is fired, the tokens are assigned back to P1 and P5. This 

process is repeated throughout the navigation if the 

environmental changes occur. From this result, the robot 

can update the firing rates λ3, 
λ4, and

  
λ5 after every 

execution of navigation. For example, if t4 is fired more 

frequently than t5, the token stays longer in P6 than in P5, 

which raises the firing rate λ3. When the firing rate λ3 is 

higher than λ1 and 
 
λ2 

, the robot updates a map. 

 

4. PERFORMANCE ANALYSIS OF ERROR 

RECOVERY FRAMEWORK 

 

In addition to error recovery, the GSPN model is also 

used to calculate other useful performance indices of the 

system. In order to conduct a performance analysis, the 

steady-state probability πi of marking Mi should first be 

obtained. 

To calculate steady-state probability, we need the 

embedded Markov chain (EMC). Fig. 5 shows the EMC 

model which is induced from the reachability graph 

(shown in Fig. 6) derived from the GSPN model of Fig. 4. 

The steady-state probability is obtained by the 

following steps introduced in [4]. First, the transition 

probability matrix U′ is derived from the EMC model, as 

shown in Fig. 5. 
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Second, Y = (y1, y2, …, ys) can be obtained by solving 

the following linear equations:  

,′= ⋅Y Y U  (4) 

1

1,

s

i

i

y

=

=∑  (5) 

where Y represents the vector of the number of visits to 

Mi. Then, the steady-state probability πi of marking Mi, is 

obtained by 

1

i i
i s

j j

j

y m

y m

π

=

=

∑

 where 

( )

1
,

k i

i

k

t E M

m

λ

∈

=

∑
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where mi is the mean sojourn time of the marking Mi, and 

E(Mi) is the set of transitions which are enabled (i.e., 

ready to fire) in Mi. From the steady-state probabilities, 

we can calculate some performance indices by the 

following equation [4]: 

{ } .

i

i

M H

P A π

∈

= ∑  (7) 

The utilization of ‘AutoMove’, ‘ContourTracking’ 

(CT), and ‘AutoMapping’ can be given by 

 

Fig. 6. Reachability graph of GSPN model. 

 

 

Fig. 5. Reduced embedded Markov chain of GSPN

model. 
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AutoMove 1 1 5

CT 2 2 7

AutoMapping 3 3

{ ( )} ,

{ ( )} ,
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U p M P
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π π

π π

π

= = +

= = +

= =
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In addition, the probabilities of ‘E_C_OM’ and 

‘E_NC_OM’ are also given by  

E_C_OM 5 0 1 2 3 4

E_NC_OM 6 5 6 7

{ ( )} ,

{ ( )} .

p p M P

p p M P

π π π π π

π π π

= = + + + +

= = + +

 (9) 

From these results, the robot can obtain the 

information on the environment. For example, if the 

value of UCT is lager than the others, the target 

environment is extremely dynamic. 

 

5. EXPERIMENTS 

 

5.1. Pose uncertainty due to environmental changes 

Various experiments were conducted to investigate the 

effect of environmental change on the uncertainty of the 

estimated robot pose (i.e., position and orientation). No 

environmental change was made in Fig. 7(a), whereas 

the environment was changed in Fig. 7(b). In Fig. 7(c) 

and (d), the solid red line shows the uncertainty of the 

estimated pose when the map coincides with the 

environment. The dotted (blue) line indicates pose 

uncertainty under the incorrect visual information in 

which the changed pose of object 3 is not updated in the 

map. As expected, the uncertainty of the estimated pose 

increases when the environmental changes are not 

reflected on the object map. 

 

5.2. Map update reflecting environmental changes 

The firing rates of the GSPN model in Fig. 4 was 

given initially as λ1 = 1000, λ2 = 0.001, λ3 = 0.001, λ4 = 

0.001, λ5 = 1000, and λ6 ~ λ11 = 1000. If the robot is 

ready to start the navigation task (i.e., the tokens are 

assigned in P0 and P5), transition t1 is fired because the 

initial firing rate λ1 = 1000, λ2 = 0.001 and λ3 = 0.001 and 

then the tokens are assigned to P1 and P5. After transition 

t1 is fired, the robot starts navigation and gathers the data. 

During navigation, the environment was intentionally 

changed, as shown in Fig. 8(b). When the robot 

recognizes the object whose position is changed in Fig. 

8(c), transition t4 is fired. On the contrary, when 

recognizing the object whose position is not changed in 

Fig. 8(d), transition t5 is fired. This process is repeated 

throughout navigation. When the navigation is completed, 

the firing rates are updated to λ1 = 0.317, λ2 = 0.001, λ3 = 

0.682, λ4 = 0.682, λ5 = 0.317, and λ6 ~λ 11 = 1000. The 

firing rates λ1 ~λ5 are calculated from (1) and (2). 

Because λ6~λ11 have little effect on performance analysis, 

they are assigned to a large value, say 1000. Since λ3 was 

significantly increased in this update of firing rate, 

transition t3 is fired and thus the object map is updated, 

as shown in Fig. 8(e) and 8(f). The algorithm for map 

update is referred to in [10]. 
 

5.3. Error recovery from path blocking 

This experiment demonstrates that the robot can 

recover from the error situation through the proposed 

framework. The experiment was conducted in the office 

environment shown in Fig. 9.  

The robot moves toward the goal through the 

‘AutoMove’ behavior in Fig. 10(b). During navigation, 

the path blocking error occurs due to the dynamic 

obstacles in Fig. 10(c). The robot then attempts to find a 

new path to the goal. However, if a new path is not 

generated, the robot changes the navigation strategy from 

‘AutoMove’ to ‘ContourTracking’ by means of the 

GSPN model, as shown in Fig. 10(d). The robot arrives 

at the goal in Fig. 10(e). Fig. 10(f) illustrates the whole 

robot trajectory. 

 

 
(a) Initial environment. (b) Changed environment.

 

(c) Position uncertainty. 

 
(d) Orientation uncertainty. 

Fig. 7. Localization performance subject to environmen-

tal changes. 

(a)            (b)             (c) 

(d)             (e)             (f) 

Fig. 8. Experiment on object map update: (a) Initial 

environment, (b) Changed environment, (c) Rec-

ognition of the object whose pose is changed, (d) 

Recognition of the object whose posed is not 

changed, and (e), (f) Update of object map. 
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6. CONCLUSIONS 

 
This paper presents an error recovery framework using 

a GSPN formalism for dependable navigation. The 
performance of the framework was validated by a series 
of experiments. Dependability of mobile robot naviga-
tion is improved by the proposed framework which can 
recover from the error situations during navigation.  

Although we modeled two different error situations in 
this research, it does not undermine the advantages of the 
proposed approach. As the model becomes more 
complicated, the merits of the GSPN-based framework 
increases. It means a new error recovery model can be 
obtained without a significant increase in complexity. 
Moreover, the robot operator does not need to stop a task 
of the robot because the robot autonomously recovers the 
error situations. In this sense, the proposed method can 
make a robot operate semi-permanently in a dynamic 
environment. 

Finally, through the GSPN analysis method, the robot 
automatically evaluates its navigation performance from 
the accumulated data so as to improve its future 
operations. 
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Fig. 9. Experimental environment. 
 

Fig. 10. Experimental result of error recovery from path
blocking. 


