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In this paper, we propose that the propriety of a GSPN model can be analyzed through an analysis of the 

performance of the GSPN. We designed illustrative GSPN models and analyzed the performance of each GSPN 
model. The Case-I model is designed by using three behaviors and four states. Through the performance analysis, we 
designed the Case-II model, which exploits three behaviors and two states. The performance analysis of the Case-II 
model shows that the designed model does not have any redundant states. As a result, the Case-II model is more 
advantageous because it entails only small computational burden. These results show that the Case-II model is an 
optimal model with three behaviors. 
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1. Introduction 
The DWA [5] has been shown to efficiently perform 

navigation in experimental environments. However, the 
DWA still has problems such as the local-trap problem. The 
Global-DWA [4] was developed to solve the local-trap 
problem of the DWA by using the NF (Navigation Function) 
[13], [12]. The Global-DWA has been able to eliminate the 
local-trap problem and yields reliable navigation results in 
unstructured and partially unknown environments. However, 
the Global-DWA has problems such as the narrow-passage 
problem. The Convergent-DWA [14] computes the required 
velocity; its convergence is established by the Control 
Lyapunov function [15]. In [16], Stachniss and Burgard 
proposed 5-dimensional motion control scheme to solve the 
narrow-passage problem. The ND (Nearness Diagram) [8], 
which is suitable in narrow and cluttered environments, is a 
sensor-based algorithm. Furthermore, the ND+ can avoid the 
local-trap situation. However, the ND (Nearness Diagram) 
[8] still has limitations, such as its slowness of speed. As 
shown in [8], the velocity-space-based approaches, such as 
the DWA, CVM (Curvature Velocity Method) [6] and 
Lane-CVM [7] have limitations because these algorithms do 
not address the environmental information since the 
velocity-space does not represent the environmental 
information. Although the DWA has problems, the DWA is 
still recommended for high-speed navigation in simple 
environments with dynamic obstacles. As a result, it is 
advantageous that a service robot uses several navigation 
techniques because each navigation scheme shows high 
performance with respect to its in target environments. 
 In [3], we proposed a multiple navigation behavior selection 
framework that uses the GSPN. The GSPN offers advantages 
such as the capability of graphical modeling, state-space 
analysis and the ability to analyze conditions of conflict and 
deadlock. Furthermore, the performance analysis capability 
is a significant advantage of the GSPN. The proposed 
framework in [3] exploited the Contour-tracking in a manner 
similar to the wall-following scheme when the localization 
reliability is insufficient. In a normal situation, the behavior 
selection is performed by using the GSPN between the 

model-based navigation behaviors the AutoMove and the 
Contour-tracking. 
 The incremental design scheme of the GSPN is 
advantageous for adding new navigation behaviors. A 
designer can incrementally add states by using the GSPN. 
However, the incrementally added states may be redundant 
states that do not affect the performance estimation. The 
redundant states make it hard for people to understand the 
designed GSPN model. Moreover, the redundant states entail 
an additional computational burden. However, it is difficult 
to ascertain how to add states. The validation of the designed 
model is still dependent on the modeler’s ability. 
 In this paper, we focus on how to decide whether or not a 
GSPN model was designed appropriately, i.e., how to find 
the optimal model. We decompose the AutoMove behavior 
into the AutoMove-Tracking and AutoMove-DWA. The 
AutoMove-Tracking is developed to solve both the 
narrow-passage problem and the local-trap problems. We 
design three GSPN models. The first GSPN model exploits 
two behaviors. The other two models exploit three behaviors. 
Then, for each GSPN model, we analyze the performance of 
each navigation behavior. 
 The organization of this paper is as follows. In Section II, 
we explain the navigation behaviors and navigation states. 
We design three GSPN models and analyze the validity of 
the each model in Section III. Finally, concluding remarks 
are presented in Section IV. 
 

2. Navigation Behaviors And States 
2.1 Navigation Behaviors 
a) AutoMove-DWA: The AutoMove-DWA is a model-based 

navigation behavior with a sensor-based motion controller. 
We exploit Konolige's gradient method to generate a 
globally optimal path. The generated path is divided into 
waypoints. The AutoMove-DWA behavior follows the 
waypoints by using the DWA. The main advantage of the 
AutoMove-DWA is that it is faster than other navigation 
behaviors. However, the AutoMove-DWA has both the 
local-trap and the narrow-passage problem due to the 
DWA. Furthermore, the AutoMove-DWA is not 
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recommended when the localization accuracy is not 
sufficient. 

b) AutoMove-Tracking: The AutoMove-Tracking is designed 
to deal with normal situations wherein relatively small 
differences between the given environmental maps with 
dynamic obstacle avoidance capability. The gradient path 
is generated through the occupancy grid map, CAD map 
and current sensor information. Through the elastic band, 
we generate a continuous curvature path by using cubic 
B-Spline [18]. The motion control tracking the trajectory 
of the robot is carried out through the Kanayama’s 
tracking controller [19]. The AutoMove-Tracking does not 
have the local-trap and the narrow-passage problems. The 
local-trap problem can be eliminated by using a real-time 
path planner. Furthermore, the narrow-passage problem is 
solved by computing the required velocity. However, the 
navigation speed AutoMove-Tracking is slower than that 
of the AutoMove-DWA. The AutoMove-Tracking is not 
suitable in highly dynamic environments. 

c) Contour-Tracking: The Contour-tracking is a coordinated 
wall-following behavior which drives the robot in parallel 
with the wall so that the robot maintains a constant 
distance from the wall. The robot's local movement is not 
affected by the localization accuracy. In order to achieve 
the correct movement towards a goal, it is sufficient to 
periodically monitor the robot’s movement. The 
Contour-tracking is especially useful in environments, 
such as corridors in office buildings, where topological 
connectivity is dominant. The generated path is longer 
than the Automove path. However, the Contour-tracking 
is advantageous when the localization performance is 
poor. 

 
2.2 Navigation states 
In this paper, we select the following navigation states 

because the problem is well-known due to the following 
states. 
a) Localizer state: In [20], we investigated how to estimate 

the localization states; by using the matching error the 
localization states can be estimated. When the 
localization accuracy is sufficient, the model-based 
approach is recommended. 

b) Local-trap state: The main drawback of the DWA is the 
local-trap problem. When the local-trap takes place 
frequently, the pure model-based approach the 
AutoMove-Tracking is recommended. 

c) Narrow-passage state: If the environments have narrow 
entrances, a mobile robot should decrease its velocity 
before reaching the entrance. 

d) Planning-failure state: The path planning fails due to the 
moving obstacles. It is obvious that the permanent path 
blocking cannot be handled through behavior selection. 
However, a temporal planning failure can be avoided by 
using the explorative behavior such as Contour-tracking. 

 
 

3. Case-studies of Navigation Model Design 

3.1 Case-I: Three-behaviors and Four-state Model 

 
  

 Fig. 1 GSPN model: Case-I 
 

Fig. 1 shows a GSPN model with the AutoMove-Tracking 
(P8), AutoMove-DWA (P1) and Contour-tracking (P2). The 
navigation states are the localizer, path planner, local-trap 
and narrow-passage. The Case-I model represents all the 
states that are enumerated in Section II. Each navigation 
warning state can be handled through immediate transitions. 
For example, the local-trap state is dealt through the t21, 
which changes the behavior into AutoMove-Tracking when 
the current behavior is AutoMove-DWA. The quantitative 
analysis of the GSPN is carried out on basis of the Markov 
chain. The detailed method of computation is shown in [2]. 
The throughput rate, fi = TR(ti), is the expected number of 
times a transition fires per unit time [21]. By the use of the 
GSPN tool, PIPE [22], the computed numbers of total states 
are 96. The capability of automated state-space analysis is 
one of the advantages of the GSPN. We compute the ftracking = 
TR(t30) for AutoMove-Tracking, fdwa = TR(t9) for 

AutoMove-DWA and fcontour = TR(t10) for  Contour-tracking. 
 

 Fig. 2 Variation of ftracking, fdwa and fcontour with t5 and t26 in the 
Case-I model. 
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Fig. 2 shows the result from performance analysis result as 
a function of the localizer normal time (t5) and the local-trap 
normal time (t26). The transition time parameters were set 
as: t5=300s; t6=120s; t7=280s; t8=60s; t26=280s; t27=30; 
t28=320s; t29=120s; t30=240s; t9=140s; t10=320s; 
t31=2000s; t11=1500s and t12=300s. As shown in Fig. 2, the 
navigation behavior can be selected by computing the 
throughput of each navigation behavior. 

  

Fig. 3 Variation of ftracking, fdwa and fcontour with t7 and t28 in the 
Case-I model. 

 

Fig. 3 represents the result from performance analysis as a 
function of the path-planner normal time (t7) and the 
narrow-passage normal time (t26). However, the computed 
results of Figs. 2 3 exhibit the same trend. This result implies 
that the parameters, t5 and t7, are correlated with each other. 
As a result, the behavior selection is not independently 
affected by the t5 and t7. The case of t26 and t28 can be 
explained in the same way. This result from performance 
analysis result suggests that it is proper to merge the localizer 
and path-planner states. Furthermore, the local-trap and 
narrow-passage state should be merged with each other. This 
result from the analysis shows that the propriety of the 
behavior selection framework can be decided by analyzing 
the performance through the GSPN. 
 

3.2 Case-II: Three-behaviors and Two-state Model 
 
From the result of performance analysis of the Case-I model, 

we redesign the GSPN model. The local-trap and narrow- 
passage states are merged with one reactive state 
(reactive-normal and reactive-warning). Moreover, the 
localizer and path planner states are merged with one planner 
state (planner-normal and planner-warning). 
 Fig. 4 shows a GSPN model with the AutoMove-Tracking 
(P1), AutoMove-DWA (P2) and Contour-tracking (P3). The 
reactive-module states are represented as either 
reactive-normal (P6) or reactive-warning (P7). The 
planner-module states are represented as either 
planner-normal (P4) or planner-warning (P5). The number of 
states is 21, smaller than in the Case-II model. As a result, 
the computational burden is low. We compute the ftracking = 

TR(t18) for AutoMove-Tracking, fdwa = TR(t17) for 
AutoMove-DWA and fcontour = TR(t19) for Contour-tracking. 

Fig. 4 GSPN model: Case-II. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5 Variation of ftracking, fdwa and fcontour with t13 and t15 in the 
Case-II model. 

Fig. 5 shows the result from performance analysis result as 
a function of t13 and t15. As shown in Fig. 5, the 
performance of AutoMove-Tracking and AutoMove-DWA 
increase with t13 which connotes the time for firing the 
planner-warning. When the t15 is larger than about 200s, the 
performance of AutoMove-Tracking is significant. However, 
the t15 is larger than about 200s, the performance of 
AutoMove-DWA is the most significant. 
Fig. 6 shows the result from performance analysis result as 

a function of t13 and t14. In Fig. 6(a), the AutoMove-DWA is 
the most significant behavior when compared to the 
AutoMove-Tracking because the reactive-warning rate, t15, is 
smaller than in Fig. 6(b). 
 The Case-II model exploits the same behavior selection 

ability as the Case-I model. However, the modeling 
complexity is lower than that of the Case-I model. 
Furthermore, the number of states is considerably smaller 
than that of the Case-I model. This result shows that with an 
appropriate modeling scheme, we can conclude that the 
Case-II model is properly designed. 
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(a) 
 

(b) 
Fig. 6 Variation of ftracking, fdwa and fcontour with t13 and t13 in the 

Case-II model with (a) t15=300s and (b) t15=120s. 
 

4. Conclusion 
In this paper, we proposed that the propriety of a GSPN 
model can be examined by the analyzing the performance of 
the GSPN. We designed illustrative GSPN models and 
analyzed the performance of each GSPN model. The Case-I 
model is designed by using three behaviors and four states. 
The Case-I model is carefully designed so that the 
appropriate behavior can be selected. However, a 
performance analysis reveals that the states used in the Case 
I-model are redundant. Through the performance analysis, 
we design the Case-II model, which exploits three behaviors 
and two states. The performance analysis of the Case-II 
model shows that the designed model does not have any 
redundant states. Furthermore, the Case-II model is simple. 
As a result, the Case-II model is more advantageous because 
it entails only a small computational burden. These results 
show that the Case-II model is an optimal model with three 
behaviors. 
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