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Abstract 

This paper focuses on the path planning for a mobile robot which is operated in indoor 

environment. Since the layout of indoor environment is a hybrid structure of known and 

unknown, this paper presents a hybrid algorithm which uses the Max-Q method and the 

option method together. Firstly, a novel task graph and high level definition are presented 

to divide sub-tasks. Then, the appropriate definitions of states, actions and options could 

let a robot fulfill a task. Finally, an angle parameter is employed in the reward function to 

ensure a robot select a shorter path and adjust orientation timely. In the series of 

simulations, a robot can arrival any position successfully with random initial positions 

and directions. Moreover the results show that a robot can overcome the local minimal 

problem with our hybrid method.  

 

Key-words: mobile robot, Hierarchical Reinforcement Learning, path planning, hybrid 

method 

 

1. Introduction 

With the development of indoor mobile robot, the indoor navigation which plan a 

free-collision path from an initial location to a goal, become one of the most popular 

tasks. There are many algorithms, such as A*, Dijkstra, genetic algorithm[1-2] and 

artificial potential field(APF) method[3-4]. A* can design an optimal path, but it is 

dependent on the known environment information. Artificial potential field, which is 

widely used in path planning because of its straightforward and efficient mathematical 

analysis, could have some trap situations due to local minima[4]. Therefore, the 

reinforcement learning method is raised as a new way to plan path[5-8], because the 

reinforcement learning method as an artificial intelligence method has strong adaptability 

to the environment. 

Recent years some scholars already used the reinforcement learning in path planning. 

R.Karthikeyan, B.SheelaRani [7] used the standard reinforcement learning algorithm to 

plan path .They assumed that the information of indoor environment are known ,and used 

the grid mapping method to express the information. Unfortunately, their study may be 

more reasonable if they considered the computational time when the information of 

indoor environment is huge. 

Andrea and Fernando[8] used the option method which is one of the hierarchical 

reinforcement learning methods , and they thought that the layout of indoor environment 

is totally unknowable. However this approach could cause some local minimal problems 

when a robot is locating in some specific situations. They also only focused on some fixed 

directions of a robot, such as 30 , 90 , but a real robot could fulfill a task with random 

directions. 

However we believe that the layout of indoor environment is a mix structure of known 

and unknown, and any individual reinforcement learning algorithms could not deal with 

the path planning task in indoor environment commendably. In this paper, we use a 
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hybrid method of hierarchical reinforcement learning method to generate a path. We 

consider a mobile robot just move in 2-dimesion situation and do not encounter any 

dynamic objects. 

Section 2 present the background knowledge of the reinforcement learning algorithm 

.The algorithm’s details are proposed in section 3.The simulation results and discussion 

are talked in section 4.The final section covered summarizations and the future works. 
 

2. Related Knowledge 
 

2.1. Reinforcement Learning 

Reinforcement learning (RL)[9] is a method that an agent optimize its tasks by 

interacting with environment, even it begins with minimal information of its environment. 

In order to fulfill a task, a robot must detect the environment by sensors. According to 

perceived information, a robot takes an action and gets a reward by reward function. 

Q-learning is one of the broadest reinforcement learning algorithms by Watkins[10], and 

it is a model-free reinforcement learning algorithm. A robot could choose an action from 

current state by a Q matrix, which is a two-dimensional matrix about the mapping of 

states and actions. The matrix Q update formula is presented as blow. 

 )),(max(),()1(),( 11 byQraxQaxQ nnnnnnn                    (1)  

Where the  1,0  is learning rate,  1,0  is the discount rate. 

 

2.2. Hierarchical Reinforcement Learning 

A question of the normal reinforcement learning method is that the amount of 

calculations will become huge if state spaces are large. This problem is called dimension 

disaster which could make the algorithm spent a lot of time and memories on calculation.  

To solve this problem, hierarchical reinforcement learning algorithm was proposed, and 

the option[11] and Max-Q[12] are two common ways. 
 

2.2.1. Option: The option algorithm is based on the model that algorithm use option as a 

high level item to control a robot and the option is defined as a three-tuple  ,, . 

A policy π：  1,0 AS ，termination conditions β: ]1,0[S and initiation sets. 

The state transform 
ts to 1ts  when a robot select an action according to π(s).Then 

termination conditions is checked, if the termination condition β( 1ts )satisfies the 

threshold ,then the option is terminated and select another option. Otherwise the option 

continue take an action according to π( 1ts ).This process is repeated until the goal is 

finished. This model is computed by Bellman equations for general policies and options. 

                 ),(max),()1(),( ''
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      (2) 

Where r is the reward function, α is learning rate, k is the time step,  is reward 

discounted rate. It has been proved that for all sS, oO, the Q(s,o)  converge to the 

optimal value function ),(* osQ ,under the conditions which similar to the general 

Q-learning. 
 

2.2.2. Max-Q: According to prior environmental information , a whole task M is divided 

into a set of sub-tasks  { mmmm ......, 10 },a sub-task is defined as a three-tuple 

 iii RAT
~

,, , iT  is a termination prediction which comprise s set of active and terminal 
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states, iA  is a set of actions which could be chosen when a robot running in a sub-task 

im , iR
~

 is the pseudo-reward function. Correspondingly, there is a hierarchical policy

}......,{ 21 m  , the i  is the sub-task im ’s policy. The purpose of Max-Q is that 

pick up an action (composite or primitive) to maximize the value function ),( siV 
.The 

value function is updated according to the equation: 

                     ))(,,( ssiQ i


                   if i is composite 

     ),( siV 
                                                                   (3) 

                       ' ),|(),|( ''

s
issRissP          if i is primitive 

i is the action both composite action and primitive action, different kind have different 

way to update. 

Those two methods have their own merits and limitations .The option way could 

automatic partitions sub-tasks very well in unknown environment ,and the size of each 

option could be control very well, but it is not ideal when the pre-knowledge is used. The 

Max-Q method is good at online learning, and it is very clearly to show the structure of 

sub-tasks with task graph under environmental information. However the ability of 

automatically partition without environment information is not well and the size of those 

sub-tasks is not of uniform size.  
 

3. The Design of the Hybrid Method  

In the previous works, the layout of indoor environment is regarded as known or 

unknown. However those viewpoints are too absolute, because the layout of indoor 

environment actually is a mix structure of known and unknown. For example, considering 

a house presented as Figure 1(a), the over-all layout is known. It is means that the number 

of rooms and topology showed in Figure 1(b) are already knew, but the circumstance of 

one specific room is unknowable. People do not know the location of a specific object 

because the object is changed constantly. The amount of calculations could become huge 

using standard reinforcement learning when the information of the house is large. So 

neither option way nor Max-Q method could cope with navigation task perfectly in indoor 

environment. 

 

.                      

Figure 1(a). The Environment of              Figure 1(b). The Topology of  
           a House                                 the House   

In this paper, we believe that the hybrid method using the option and Max-Q together 

could cope with this mix structure very well. According to the prior knowledge which is 

the topology of rooms, the Max-Q method could divide a root task into several sub-tasks. 

There are some changes about the standard Max-Q definition. The three-tuples become 

 iii ROT
~

,,  rather than  iii RAT
~

,, . It is means that a sub-task is comprised of 

some options rather than actions. Each sub-task has a sub-goal and the sub-goal of the last 
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sub-task is the robot’s real target, the iT  (termination of sub-goal) is activated when the 

distance between the robot and sub-goal is smaller than a threshold. Then an option as a 

decider chooses a sequence of actions to fulfill its task. The task graph is Figured as 

Figure 2. 

 

Figure 2. The Task Graph of the Hybrid Method 

To generate an optimum path planning, State spaces, actions and options should be 

defined appropriately after sub-tasks are defined, and a right reward function is equally 

necessary. The details will be presented in the following sections. 
 

3.1. States and Actions Definition 

There are some features which ensure that a robot could choose an optimized planning 

The first one is the roughly position of a robot, it is indicate that which room the robot 

stay in. It is helpful for a robot to choice and sort sub-tasks, and the number of values 

depends on the number of rooms 

The next two features is the distance and angle between a robot and the nearest 

obstacle respectively .In this paper, there is an assumption that a robot could detect 

circumstance in the frontal 180 and a robot could perceive obstacle smaller than 

1000mm. The distances and angles between a robot and the nearest obstacle are 

discretized into several state variables separately. Table1 and Table 2 present the 

discretizations in detail. 

Table 1. Discretization of Angle about the Nearest Obstacle 

 Discretization of continuous state 

(0,500] 1 

(500,1000] 2 

Table 2. Discretization of Angle about the Nearest Obstacle 

 Discretization of continuous state 

[ 0°,20°) 1 

         [20°,60°) 2 

[60°,90°] 3 

[-20°,0°) 4 

[-60°,-20°) 5 

[-90°,-60°) 6 

 

The fourth feature is whether the robot arrive the goal. It is a binary number, which 
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take 1 as value when the distance between the goal and a robot is smaller than a threshold, 

otherwise, it is choice 0. 

The last feature is the angle between a sub-goal and a robot’s direction. Since a robot 

must adjust its direction timely, this feature is a significant one for out method. It is also 

discretized into different variables (in Table 3).Ignore hardware problems, we think that a 

robot could turn around 360 . If the angle locate in range [ 10 , 10 ], then we believe 

that a robot has a correct orientation. 

Table 3. Discretization of the Angle between the Goal and the Robot 
Direction 

 Discretization of continuous state 

[0,10°) 1 

[10°,30°) 2 

[30°,90°] 3 

[-10°,0) 4 

[-30°,-10°) 5 

[-90°,-30°) 6 

else 7 

 

The primitive actions are composed of turn right 10 , turn left 10 ,turn right 20

,turn left 20 ,turn right 60 ,turn left 60 ,turn right 90  and move one step. 
 

3.2. Options Definition 

So far, the definition of states and actions is done, which is the bottom definition of our 

method, and the high level is options. In this paper, there are four options; each option has 

initiation sets, a terminal condition and a policy .Those details are showed below. These 

options are trained by Q-learning technique separately.  

Table 4. The Division of Option 

 Initiation states Termination condition policy 

 

 

Go-straight 

 

The distance between 

the goal and a robot is 

more than σ and robot 

could not perceive any 

obstacle 

The distance between 

the goal and a robot is 

less than σ or some 

obstacles have be 

found 

Allow a 

robot to 

move 

toward to 

the goal 

 

Avoid 

obstacle 

 

A robot finds some 

obstacles in front of 

itself. 

A robot do not 

perceive any obstacle 

in front 

Allow a 

robot turn 

right or turn 

left to avoid 

the frontal 

obstacle 

Turn-left to 

parallel 

obstacle 

 

A robot find some 

obstacles in right of 

itself 

The wall ends or a 

robot perceive another 

direction obstacle 

Allow a 

robot turn 

left and 

follow the 

right wall  

Turn-right to 

parallel 

obstacle 

 

A robot find some 

obstacles in left of 

itself 

The wall ends or a 

robot perceive another 

direction obstacle 

Allow a 

robot turn 

right and 

follow the 

left wall 
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3.3. Reward Function 

A reward function is proposed as blow. 

|| angle
distgoal

distobs
R                              (4) 

Distobs is the distance between a robot and the nearest obstacle which could be 

detected, distgoal is the distance between a robot and sub-goal .Since we want that a robot 

could have a right direction timely and choose an optimum action without redundancy, 

the angle  parameter is presented as below. 

agentdirectionagentygoalyagentxgoalxtaangle _)__,__(tan 
  

(5) 

The first item is the right direction and the following item is a robot actual direction, 

and the above variables are discretized into different values as below: 

           1000        if distobs>1000 

distobs =     100        500<distobs<=1000            (6) 

           1           0<distobs<=500 

 

          4            0°<=|angle|<10° 

          3           10°<=|angle|<30° 

|angle|=                                             (7) 

          2           30°<=|angle|<90° 

1            else 

The disgoal is equal to the Euclidean distance plus a constant, ensure that the value of 

reward do not go to infinity. Finally, the Q-algorithm is selected to train this hybrid 

method, with α=0.5, =0.5. 

 

4. Simulation 

Simulations were executed using the robot toolbox in the matlab software, and the 

environment is presented as blow. There are three rooms in experimental environment, 

and a robot is figured as a triangle. 

 

Figure 5. The Experimental Environment 

4.1. Partial Simulation  

Initiative states and targets were selected randomly when partial simulation was tested 

in a sub-task. The Figure6 are four final trajectories when Q matrixes of the option 

framework converged to fixed values in a room. The four trajectories have different initial 

positions, initial directions and targets, and all of them have good performances.  
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Figure 6(a). Origin State (5,35,pi/4) Target (80,100) 

 

Figure 6(b). Origin State (5,10,0°)Target (80,100) 

 

Figure 6(c). Origin State(20,20,0°) Target(80,80) 
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Figure 6(d). Origin State(5,40,pi/6) Target(80,80) 

4.2. Whole Simulation 

When all Q matrixes of the Max-Q and option framework converged to fixed values, 

the entire simulation used our hybrid method was tested with go through different 

sub-tasks. 

 

Figure 7(a). The Origin State is (5,60, 0°) and the Final Position is (180,100) 

 

Figure 7(b). The Origin Location is (10,10,45°) and The Final Position is 
(180,180) 
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The Figure7(a) show a complete path in the whole horse. According to the prior 

knowledge of the whole topological structure, the navigation task was divided into three 

sub-tasks with the Q matrixes of Max-Q, and the order is M1 (move in room1), M2 and 

M3.Firstly, the sub-task1 used the option framework to accomplish its goal. When a robot 

was going to the first sub-goal, the sub-task1 was finished, and the sub-task2 was 

activated. Through the room2, the robot moved in the room3, the sub-task3 let the robot 

move to the ultimate goal. The root task have not to know how exactly the option 

framework is work or which primitive action is taken, the root task only have to know that 

those sub-tasks must be finished orderly. A sub-task has taken different sequences of 

options to finish its task. Any option taken primitive actions with Q matrixes which 

trained in training step until it has been terminated. The Figure 7(b) is another path with 

different original states and goal. Make a general survey of the two paths, no matter what 

the original states and the destination are, the algorithm always have a good performance.  

Look at the Figure 7(a) and 7(b) which be marked with black box. Both a robot 

detected the same obstacle in room 3, but they taken different actions. The robot in Figure 

7(a) turned right and the other turned left, both of them taken an optimum action which 

could not cause redundancy problem .It shows that the robot could pick a shorter path 

rather than a feasible path. 

 

Figure 8(a). A Situation Which Could Cause Local Optimum Problem 

Transfer to the circumstance presented above on the Figure 8(a) which can cause local 

minimal problem when standard option algorithm[8] is taken. When the method is used in 

this situation, a robot will go straight until it hit against the wall in the position (10,90) , 

then the robot turn right and follow the wall until the wall ends , later the robot adjust its 

direction to move toward its goal. This is a typical local minimal problem because of the 

lack of the prior knowledge. According to the simulation result presented as Figure 8(b), 

we can see that the there are two ordered sub-tasks (Move in room1 and Move in room2) 

were formed and a robot could overcame the local minimal problem when the hybrid 

method was used. 

 

Figure 8(b) The Hybrid Method can overcome the Local Optimum Problem 
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All of those simulations can declare that no matter where the initial states and goal are, 

the hybrid algorithm could always find a feasible and a shorter path without redundancy. 

However, this hybrid framework has a problem called shake .When a robot and a sub-goal 

are very close, the value of the angle between a robot’s direction and the right direction 

could change frequently, so the robot has to change its direction constantly to adapt the 

value. 
 

4. Conclusion and Future Work 

In this paper, a hybrid hierarchy reinforcement learning for path plan using the option 

method and the max-q method is proposed to solve the navigation task in indoor 

application. The option way can automatic divide task very well in unknown environment 

and the Max-Q method is good at task partition with prior knowledge. The hybrid 

algorithm picks up both the advantages of the two methods, and copes with the indoor 

environment properly. A novel task graph and definition of the algorithm are presented to 

generate sub-tasks. The appropriate definitions of states, options and actions let a robot 

move precisely. The |angle| variable between the right direction and a robot’s direction is 

proposed in reward function to make sure a robot can pick up an optimum action, and 

could adjust its orientation timely with any original directions. The results of simulations 

show that a robot choice a feasible and non-redundancy path regardless of initial states 

and target. However the variable of |angle| could produce the shake problem when the 

distance between a robot and a goal is close .One solution is that a threshold function of 

the angle could be used when the distance of a robot and a sub-goal is smaller than a fixed 

value. Another way is to pick up a punishing item in the reward function to confine the 

alteration. 

In future works, we consider add another robot, and both robots could move to their 

own target separately without collision. This idea will has bigger state spaces, so the 

definition of states, actions and options will be more elaborate. With this improvement, 

the dimension of Q matrixes also will become huge. Since the neural network has nature 

advantage about calculation, so we will consider use the neural network to training the 

hybrid algorithm with our improvement. 
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