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I. Introduction 

In the recent years several algorithms have been proposed to solve the problem of autonomous 

robot mapping. Most of these are based on either metric or topological world models [1]. The latter 

store key features of the environment relative to each other, so in most cases they are represented 

with graphs, and as such, contain only high level information about the environment. This means that 

while they are harder to build, they provide an easy way to navigate. 

The metric models are quite the opposite: in most cases they are represented as grids, top view 

maps of the environment. Each cell contains an occupation probability, a value that can be easily 

obtained from the reverse sensor model functions. A major disadvantage of the grid is that in order to 

keep the precision high, they require a huge amount of storage space that presents a maximum size 

limit for robot applications, and they are harder to navigate than graphs. 

The algorithm presented in this article tries to combine the advantages of both worlds. 

II. The measurement process 

After a measurement is taken, the result (a scalar value) is converted and then inserted into the 

agent’s world model. A measured distance becomes an obstacle hypothesis that is placed in the most 

likely place where an obstacle in the real world would be. 

 

 

Figure 1: The measurement process 

  

The range sensor’s random errors are handled by assigning a probability density function to the 

scalar measurement. This is done by the reverse sensor model which tries to estimate the density 

function ( )( )dmdf , where d is the real distance from the obstacle causing the reading and m(d) is the 

reading itself. This step is pretty well researched, by for example Thrun [1]. 
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III. The obstacle hypotheses 

The world model space obstacle hypotheses are formed by sampling this density function and 

placing virtual obstacles in the corresponding places in the world model. Each such hypothesis is 

represented by a position, a direction and a confidence value. 

By carefully filtering the sensor readings the error that remains can be modeled as a linear function 

of the measured distance. The smallest detectable object size is also a linear function of the distance. 

Under normal circumstances it is safe to assume that there is a linear relationship between the size of 

the hypothesized object and the measurement error estimate. 

This also means that the size of an obstacle in the world model is a confidence value as well. 

IV. Data combination 

When a measurement is taken in an already visited part of the world, the resulting hypothetical 

obstacles have to be combined into the world model instead of just being simply stored. This way the 

information level in the model will increase while the required computation times will remain low. 

The combination of two world model obstacles is the weighted average of their positions and radii. 
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In Equation (1) P is the center of the object hypothesis, r is the size (or confidence) and A is the 

unit axis. The two coefficients consist of three main terms: a constant, a radius-dependent part and a 

direction sensitive part. 
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As mentioned above, the obstacles have an axis property. This stores the direction from which the 

measurement was taken. This is important since the reading errors are mostly radial. By taking this 

into account the world model building process will be more efficient. 

In an in-door environment we can assume that most obstacles are large and that they are close to 

the robot. They are close in the sense that the associated hypotheses are smaller than the real 

obstacles. This means that in most cases the two different sides of a real world object are represented 

by different hypothetical objects in the world model. This is very fortunate because this allows us to 

skip the data fusion process for all objects that were detected from the other direction, simply 

because they belong to some other side of a real world obstacle, and thus can’t be affected by the 

current measurement. 

The experiments have shown that the position calculation is more sensitive to the measurement 

direction than the radius. This is why the directional component in the weight is squared when 

calculating α . 

V. Unrelated hypotheses’ combination 

There is a special case to the hypotheses combination. There are areas covered by a sensor reading 

that might have obstacles in the world model whereas in the real world they don’t. By creating a 

special method of combination for this case we can let the world model slowly remove these false 

readings. 
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The strength of relation between two hypothetical obstacles shows the relative overlapping of their 

confidence circles: 
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When S is less than zero, the two hypotheses are considered unrelated. This happens when a 

measurement reports an obstacle far from what the world model suggests. In this case the false 

reading’s confidence should slowly decrease. This can be achieved by combining a very low 

confidence hypothesis into the false reading. This way its radius will slowly grow while its center 

moves in the right direction. Sooner or later it will move into the area where it should’ve been in the 

first place. 

There is one very rare case when this doesn’t happen. If the reading was caused by some one time 

phenomenon in a large open area, the false hypothesis might never get close to any real world 

obstacle. In this case its size will continue to grow, and eventually it will get filtered out by the world 

model cleaning algorithm. This is provided as a last resort only, since the basic assumption of in-

door environments makes this case really rare. 

VI. Clean-up algorithm 

The efficiency of the algorithm decreases over time as the world model grows. There are two 

problems that have to be handled here. 

The first is the case of the growing false reading hypotheses which might cover all the free space in 

the model if they were allowed to. This is easy to handle: a simple check is run every few seconds, 

and it removes all hypotheses that have too high a radius. 

The other case is more complex. It is assumed that each measurement covers more than one 

obstacle, each of which could cause the same reading alone. However, if the size of the real world 

obstacle in the view cone of the sensor is smaller than the total size of the hypotheses, it will cause 

the hypothetical objects to slowly converge to the same place. They will asymptotically move into 

the same position. 

This is normal, because the world model elements are hypotheses that are independent of each 

other, so nothing stands against them occupying the same place. However, this degrades 

performance, so every now and then one of each highly overlapping pair has to be removed. 

VII. Topological model 

The world model is a topological model itself since the hypotheses themselves can be treated as 

landmarks. The only problem is that there are many more of them than in pure topological models. 

This makes classic algorithms hard to use. (However, the continuous space A* path finding 

algorithm should work fine.) 

VIII. Metric model 

It is more interesting to convert this world model into a grid. This is done by a simple rasterization 

algorithm that treats each cell independently. 

For each cell, an impact value is calculated for each hypothesis, and the maximum is stored as the 

cell occupation probability (4). 

The impact value is based on the strength of relation between the cell and the hypothetical object 

and weighted by the latter’s radius. 
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The result can be seen in the image below. The dark boxes are the real world obstacles. The 

hypotheses themselves are not shown because the picture would have been too cluttered. The white 

spots are the grid cells above the 1.0 threshold. These can be treated as fully occupied cells. The 

white areas do not cover all the area of the real world objects, since the range sensor used has a very 

wide field of view, and thus, a very low resolution. 

 

 

Figure 1: World model 

 

 

Even if it is not possible to make out the shapes of the real world objects, it can be seen that the 

resolution of the world model can be higher than that of the sensor. 

IX. Conclusion 

The goal of this algorithm was to build a world model that has a higher resolution than the used 

sensor. While the research is not even close to complete the preliminary results show that it is 

possible to create such an algorithm that is more efficient than the grids and simpler than the 

topological world mapping methods. 

X. Future work 

The world model building algorithm should be tested in real life situations. The final goal is to 

create a simultaneous mapping and localization method, which this method will be an integral part 

of. 
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