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Figure 6-21 The position and trajectory of the AMR after eighty seconds of exploring in World No. 135, Obstacle density 15%. 
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Figure 6-22 The topological map generated by the AMR after eighty seconds of exploring in World No. 135, Obstacle density 15%. 
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Figure 6-23 The position and trajectory of the AMR after ninety seconds of exploring in World No. 135, Obstacle density 15%. 
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Figure 6-24 The topological map generated by the AMR after ninety seconds of exploring in World No. 135, Obstacle density 15%. 
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Figure 6-25 The position and trajectory of the AMR after I 00 seconds of exploring in World No. 135, Obstacle density 15%. 

!)11n11lator Map 
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Figure 6-26 The topological map generated by the AMR after I 00 seconds of exploring in World No. 135, Obstacle density 15%. 
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Figure 6-27 The position and trajectory of the AMR after I IO seconds of exploring in World No. 135, Obstacle density 15%. 

Simulator Map 
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Figure 6-28 The topological map generated by the AMR after 110 seconds of exploring in World No. 135, Obstacle density 15%. 
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Figure 6-29 The position and trajectory of the AMR after 110.9 seconds of exploring in World No. 135, Obstacle density 15%. 

Snnulator Map 
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Figure 6-30 The topological map generated by the AMR after 110.9 seconds of exploring in World No. 135, Obstacle density 15%. 
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AMR performance in World No. 135, Obstacle density 15% 

Optimal path length 7.6m 

Actual path length 44.9m 

Efficiency 16% 

Time taken 110.9sec 

Number of nodes generated 26 

Average number of links per node 2.23 

Table 6-3 The perfonnance of the AMR in World No. 135, Obstacle density 15%. 

If the AMR is restarted in the world without re-initialising its memory it should plan a 
path directly to the goal and navigate directly there. This is shown in Figures 6-31 
through 6-34. The performance of the AMR with the map already constructed is shown 
in Table 6-4. 

AMR performance in mapped World No. 135 

Obstacle density 15% 

Optimal path length 7.6m 

Actual path length 7.9m 

Efficiency 96% 

Time taken 15.0sec 

Number of nodes generated 27 

Average number of links per node 2.37 

Table 6-4 The perfonnance of the AMR in World No. 135, Obstacle density 15%. However, the map constructed in the previous 
simulation is provided and allows the AMR to navigate directly to the goal. 
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Figure 6-31 The position and trajectory of the AMR after ten seconds of navigating with a map in World No. 135, Obstacle density 
15%. 

S111u1lator Map 

• • 

Figure 6-32 The topological map from the last simulation with new information integrated into it from ten seconds of navigating in 
World No. 135, Obstacle density 15%. 
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Figure 6-33 The position and trajectory of the AMR after 15.0 seconds of navigating with a map in World No. 135, Obstacle density 
15%. 

~;111mlator Map 

• • 

Figure 6-34 The topological map from the last simulation with new information integrated into it from I 5.0 seconds of navigating in 
World No. 135, Obstacle density I 5%. 
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6.3.2 'Reactiveness' of the AMR 

While the performance of the AMR has been improved with respect to solving worlds, 

this has been at the expense of the AMR's 'reactiveness.' The CPU time required to 

solve worlds has increased because of the algorithms used to transform the sensory data 

into an efficient and useful representation. 

Overall, the processing speed of the new controller is one fourth the speed of the earlier 

CBR reactive controller as shown in Figure 6-35. The overheads in processing time are 

consumed by two procedures, namely, the Resolve_ Obstacles procedure and the 

Find_Features procedure. These procedures are described below: 

• Resolve_ Obstacles This procedure takes the 360 byte array data from the laser 

range-finder and extracts out the obstacles and their position in the scan. 

• Find _Features This procedure takes the obstacles computed and determines the 

smallest vector relationship between various obstacles in the scan and also determines 

possible exits between obstacles. 

Analysis of CPU lime for Various Parts of the 
Simulation 

Find_Features 
procedure 

50% 

Figure 6-35 Analysis of CPU time for various parts of the simulation. 

Sim.Jlation of laser 
range-finder scan 

18% 

CBR Reactive 
Con~oller 

6% 

Other 
6% 

Resolve_ Obstacles 
procedure 

20% 
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This simulation takes 187 seconds to complete when running on a DEC Alpha 

2000/300 and scanning the environment at 100 hertz. Even with the time taken to 

simulate the laser range-finder subtracted, the simulation is still only running at 70% of 

'real-time.' Halving the scanning rate of the laser range-finder would improve the 

performance, however, on a physical AMR the Find_Features and Resolve_Obstacles 

procedures could be implemented and optimised on a low-power digital signal 

processing (DSP) chip to provide adequate reactive performance from the AMR. This 

would not only improve the performance of the AMR but also reduce the data-flow into 

the core CPU. 

6.3.3 Memory Requirements 

The new controller requires more memory than the previously developed controllers. 

While the AMR was exploring World No. 135, Obstacle density 15%, 3.8 megabytes of 

sensory data were generated. Currently, 318 bytes of memory are required to store each 

node that the AMR resolves (see Section 6.2.2). For the AMR exploring in this world, 

twenty-six nodes were resolved before the AMR reached the goal. This equates to only 

eight kilobytes of memory. However, the structure storing the information of each node 

is not optimised and it is possible to reduce the size of the structure to 150 bytes 

without a significant loss in performance, resulting in only four kilobytes required for 

this simulation. 

The amount of memory used to store a topological map is dependent on the size of the 

nodes resolved which are determined by the complexity of the environment. In the case 

of the 15% Obstacle density class of worlds, the space to memory ratio equates to 

approximately three square meters per kilobyte. Again, if the structure storing the 

nodal information was optimised this space to memory ratio could be doubled. 
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Chapter 7 

7. Conclusion 

7. 1 Contributions 

This aim of this thesis has been to provide quantitative results measuring the 

performance of various control systems. Four different types of controllers have been 

developed and tested, beginning with the simplest of reactive controllers through to an 

adaptive reactive controller with the ability to construct and use topological maps for 

navigational purposes. In situations where a controller's performance has been 

inadequate, the cause was determined and a solution has been integrated into the next 

control system developed. 

Both evolutionary and creationist philosophies have been investigated regarding the 

design technique of such control systems. Evolutionary methods have shown use in 

generating controllers in domains where the search space of the problem is small. 

However, in the domain of AMR navigation through complex environments the search 

space of the problem is too large and the problem becomes intractable. A neural 
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network with a bit string length of 3640 bits required 3000 CPU hours on a DEC Alpha 

2000/300 computer to evolve. The resultant network's performance, while better than 

that of an adaptive reactive controller, still did not provide robust control and a memory 

or spatial representation of the AMR's environment was determined as being essential 

to the problem. Such a system could not be designed through evolutionary techniques 

so a creationist approach was adopted and a controller with memory was developed. 

This memory was provided to the AMR in the form of a topological map of the 

environment. To provide the AMR with the ability to self-localise itself within the 

environment, distinguishable features were extracted from the sensory data. The 

features used were the smallest vectors between pairs of obstacles, and these provided 

the information to construct the nodes in the map. Each node was linked to each other 

by the vector relationship between the mid-points of each adjacent node. Exit 

information for each node and a means of masking the exits that had been explored was 

developed. The resulting controller was simulated and achieved the desired 

performance criterion, namely, robust navigation. 

7.2 Limitations and Future Work 

Currently, the controller developed in Chapter Six can only create accurate topological 

maps in a static environment. However, the same techniques can still be applied to a 

topological mapping system that will function in a dynamic environment. There are 

two main issues to deal with in such an environment. Firstly, moving obstacles need to 

be detected. If possible, these obstacles should be omitted when constructing a map, as 

they are transient features. Secondly, there will be semi-permanent obstacles such as 

furniture that may be moved from time to time and doors that will open and close. 
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7.2.1 Obstacle Detection 

The first issue in adapting this system so as to function in a dynamic environment is 

determining which obstacles are static and which are dynamic. This could be achieved 

by comparing successive laser range-finder scans, and by subtracting off the AMR's 

velocity, compare the positions of the obstacles from each scan to determine if any 

obstacle is moving [Wilson 97]. The time between scans must be great enough to 

resolve the movement of an obstacle out of the noise in the laser range-data. 

Once a moving obstacle has been detected, it can be masked/ignored when creating or 

referencing the AMR's-map. The obstacle's mask could decay over time so that if it 

stops moving, the AMR would not think it part of the surrounding static environment 

until the mask had decayed below some threshold. If the obstacle began moving again 

then this would reset the mask. 

Such a system would require that a list of obstacles be tracked from scan to scan. The 

following data structure could now represent the obstacles. 

struct Obstv 
{ 

bool current; 
float rnove_rnask; 
short bearing, range; 
short bearing_rnin, bearing_rnax; 

}obstv[15]; 

The pseudo-code from page 81 could be revised as follows to generate the data for the 

new Obstv structure. 

short Resolve_Obstacles(unsigned char rangedata[],Obstv obstv[]) 
{ 

// refer to Section 6.2.1 
short nurn_obstacles = O; 
Obstv trnpobstv; 
float decay= 0.01; // arbitrary value 
for(j=O;j<l5;j++) 
{ 

obstv[j] .current= false; 
if (obstv[j] .range != 0) nurn_obstacles++; 
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for(j=O;j<360;j++) 
{ 

if (abs(rangedata[j+l] - rangedata[j]) > robot.diameter)) 
{ 

// Start of an obstacle_ 
trnpobstv.bearing_rnin = Find_bearing_rnin(); 
trnpobstv.bearing_rnax = Find_bearing_rnax(); 
trnpobstv.bearing = Find_bearing(); 
trnpobstv.range = Find_range(); 
trnpobstv.current = true; 
short oldindex = MatchObstacleWithOldScan(obstv,trnpobstv); 
if (oldindex != -1) 
{ 

if (Moving(trnpobstv,obstv[oldindex]) 
{ 

tmpobstv.rnove_mask = 1; 

else trnpobstv.move_mask = obstv[oldindex] .move_rnask - decay; 
obstv[oldindex] = tmpobstv; 

else 
{ 

tmpobstv.rnove_mask = O; 
obstv[nurn_obstacles] = tmpobstv; 
num_obstacles++; 

num_obstacles = SortAndRemoveNOTCurrentObstacles(obstv); 
for (j=O;j<nurn_obstacles;j++) 
{ 

} 

if (!obstv[j] .rnove_mask && find_large_angle_change(obstv[j])) 
{ 

split_obstacle_into_two(); 

return num_obstacles; 

7 .2.2 Variable Confidence Links and Exits 

The second issue highlighted is that of semi-permanent obstacles. In these situations 

the AMR will construct a topological map based on certain obstacles only to return to 

the same area to find that one or more obstacles have been moved or removed or there 

may be the addition of one or more new obstacles. A door being closed would be a 

common example of such a situation. This would result in the removal of a path that 

once existed to another part of the AMR's map. 

Given the current system, the AMR would mark the exit that once existed as being 

blocked off and would never consider it again in future path planning even if the door 

was opened some time later. However, if there were already a link established through 
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to a node on the other side of the door, then the AMR would continually try to navigate 

along the link to the node. While the reactive controller would prevent the AMR from 

colliding with the door, the AMR would fail to achieve its goal even if there was 

another longer path still available to it. 

To overcome this problem, the node's links and exits could have a variable confidence 

level as is used by Yamauchi and Beer in their adaptive place network [Yamauchi & 

Beer 96]. In their system, whenever a link is traversed successfully, the confidence of 

the link is increased to Aunk + (1- Aunk )c0 ,J where Aunk is the link learning rate (0.5 in 

their experiments) and c01J is the old confidence. However, if the link was not 

traversed successfully within a given time, the new link confidence is decreased to 

Cl - Aunk )c ntJ • 

Using such a system would allow old links to be removed if they are blocked by 

obstacles or if the destination node no longer exists (due to changes in the 

environment). Obviously within a changing environment there will be new nodes being 

created in place of old nodes. These old nodes can then be deleted once there are no 

links connecting them to any other node. 

7.2.3 Sensor Selection 

Further research into the field of laser range-finders would be necessary before low-cost 

AMRs could be realised. Another approach to building a low-cost AMR would involve 

using different sensors to generate topological maps of the environment using the same 

techniques described in this thesis. The choice of distinguishable features from the 

sensory data is dependent on the sensory system used. However, a robust topological 

map can still be created if the appropriate features can be extracted. As mentioned in 

Section 6.2.1, these features should be resolvable independent of the viewing 

perspective of the AMR. 
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Case Library 
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As discussed in Section 4.2.3, the simulator was configured with a case library 

consisting of eight cases. Their descriptions and associated parameter values follow 

below. In the list of control parameters, the noise persistence is shown in tenths of a 

second while the sensing distance is in centimetres. These units were selected so as to 

avoid using real numbers. 
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1. Clearfield In an open environment, the AMR should pay no attention to obstacles 

(since there will not be any), increase the goal gain, lower the noise gain and noise 

persistence. 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 0 

Density 0 

Proximity -1 

Wander 0 

Clear-to-goal -1 

Senses-goal -1 

Goal-nearby -1 

Nomovement 0 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 6 

Obstacle gain 3 

Noise gain 0 

Noise persistence 250 

Sensing distance 250 

Temporary goal gain 0 

Exit goal gain 0 
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2. Ballooning When there are relatively few obstacles, the AMR attempts to swing 

around them in a wide way (increase obstacle gain). 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 2 

Density 35 

Proximity 0 

Wander 0.05 

Clear-to-goal 1 

Senses-goal -1 

Goal-nearby 0 

Nomovement 0 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 6 

Obstacle gain 7 

Noise gain 0 

Noise persistence 250 

Sensing distance 250 

Temporary goal gain 0 

Exit goal gain 2 
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3. Squeezing When there are many obstacles, the AMR attempts to find a path by 

squeezing between obstacles (lower obstacle gain, increase goal gain and exit goal 

gain). 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 4 

Density 60 

Proximity 1 

Wander 0.15 

Clear-to-goal -1 

Senses-goal -1 

Goal-nearby -1 

Nomovement 0 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 7 

Obstacle gain 3 

Noise gain 0 

Noise persistence 250 

Sensing distance 250 

Temporary goal gain 0 

Exit goal gain 6 
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4. Hugging When there are many obstacles and the AMR is currently faced with an 

obstacle directly in its path, it attempts to hug the side of the obstacle as it makes its 

way around it. 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 6 

Density 54 

Proximity 1 

Wander 0.45 

Clear-to-goal -1 

Senses-goal -1 

Goal-nearby -1 

Nomovement 0 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 7 

Obstacle gain 4 

Noise gain 1 

Noise persistence 250 

Sensing distance 250 

Temporary goal gain 2 

Exit goal gain 0 
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5. Shooting Regardless of the number and size of the obstacles surrounding the AMR, 

if the system sees its goal and there are no obstacles in the way, it adopts an extreme 

version of the Clearfield strategy and goes directly to it. 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 5 

Density 45 

Proximity 0 

Wander 0.1 

Clear-to-goal -1 

Senses-goal 1 

Goal-nearby -1 

Nomovement 0 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 6 

Obstacle gain 5 

Noise gain 0 

Noise persistence 250 

Sensing distance 250 

Temporary goal gain 0 

Exit goal gain 0 



123 

6. Random The AMR raises the noise gain, obstacle gain and exit goal gain, leaves 

the goal gain at a medium level, and wanders for a period of time. 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 5 

Density 75 

Proximity 1 

Wander 0.65 

Clear-to-goal -1 

Senses-goal -1 

Goal-nearby -1 

Nomovement 1 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 5 

Obstacle gain 6 

Noise gain 5 

Noise persistence 250 

Sensing distance 250 

Temporary goal gain 0 

Exit goal gain 4 
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7. Repulsion In certain situations, the system considers moving away from the goal 

for a period of time. If, for example, the AMR senses the goal and there are 

obstacles surrounding it, it may decide to 'back away' for a distance before 

attempting to get to the goal. This is accomplished by setting the goal gain to a 

negative amount and raising the exit goal gain. 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 3 

Density 80 

Proximity 1 

Wander 0.9 

Clear-to-goal -1 

Senses-goal -1 

Goal-nearby -1 

Nomovement 1 

CONTROL PARAMETERS 

Parameter Value 

Goal gain -3 

Obstacle gain 5 

Noise gain 2 

Noise persistence 250 

Sensing distance 150 

Temporary goal gain 0 

Exit goal gain 6 
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8. Wallcrawling If there is an obstacle the system cannot seem to get around by 

Hugging and no progress is being made, the AMR will try to follow along the wall 

of the obstacle to try to get around it. This is accomplished by raising the temporary 

goal gain and lowering the goal gain, and allows the AMR to travel away from the 

goal while following the wall of an obstacle. 

ENVIRONMENT INFORMATION 

Parameter Value 

Clutter 0 

Density 0 

Proximity 0 

Wander 0 

Clear-to-goal 0 

Senses-goal 0 

Goal-nearby 0 

Nomovement 0 

CONTROL PARAMETERS 

Parameter Value 

Goal gain 2 

Obstacle gain 3 

Noise gain 0 

Noise persistence 250 

Sensing distance 45 

Temporary goal gain 9 

Exit goal gain 0 
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