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Abstract-- The genetic algorithm (GA) is a search algorithm that models the genetics of real life. 
Using genetic operators on a population of problem specific solutions, the GA simulates Darwin's natural 
selection and 'evolves' better and better solutions over a finite series of generations. Navigating a 3-
dimensional rough terrain is a difficult problem that has not been solved satisfactorily. This paper presents 
a GA-based program OTTO, an Optimal Terrain Traversing Organism, that can find a near-optimal path 
in any given 3-dimensional terrain automatically, where the optimality is defined by the smoothness and 
length of the path. OTTO accepts an area of rough terrain and uses a steady-state GA. New crossover and 
mutation operators have been proposed to generate feasible paths. OTTO was experimentally tested on a 
set of 3-D terrains of increasing complexity. The results were compared against a human control group. 
The results showed that OTTO is much more robust than human beings and is capable of finding a near 
optimal path comparable to those found by human beings in terms of quality, but using less time, especially 
for complex maps with many hills and valleys. 

1 Introduction 

The process of natural selection [1] is responsible for the most extraordinarily complex systems known, 
living organisms. Living organisms have survived millions of years and prospered in ever changing and 
frequently hostile environments. It is this incredibly successful process of evolution . that the genetic algorithm 
(GA) simulates. The GA is a problem-solving algorithm that uses genetic operators such as crossover and 
mutation to 'evolve' better and better solutions to a given problem [2-20]. This paper addresses the problem of 
solving 3-dimensional terrain traversal by GA. The terrain traversal problem involves finding the smoothest and 
shortest path over rough terrain. This problem exhibits features that suggest a GA is well suited. The complexity 
of the problem negates the use of simple search techniques like exhaustive search, as the solution space is too 
large for a reasonable computation time. It also negates the use of any hill-climbing algorithms that are often 
stuck in a poor local optimum. 

This paper investigates whether the GA can provide a robust, near-optimal and time-efficient solution to 
the 3-D terrain traversal problem. A search algorithm displays robustness if it consistently provides good 
solutions irrespective of the differences in terrain. These concepts were tested by experimentation. A program 
called OTTO, an Optimal Terrain Traversing Organism, was developed to facilitate our experiments. OTIO 
receives an array of numbers representing the terrain to be traversed and finds a near-optimal path between two 
points in the terrain. A function is provided by OTIO which enables the user to adjust the importance of 
smoothness and length via changing a weighting factor. Hence OTIO is quite flexible in dealing with different 
definitions of optimality. • 

The terrain traversal problem can be regarded as a 3-D variant of the path-planning problem. The path-
planning problem involves autonomously navigating a simulated or real robot from one point to another through 
an environment with object hazards. While terrain traversal still involves the navigation from one point to 
another, the difference is that the area is a 3-D terrain as opposed to a 2-D plane. For ease of modeling the 
following scheme will represent an area of terrain and the corresponding heights. On the common map format in 
figure 2, each grid square is assigned its average height. It is then visualized as a descretized block terrain in 
figure 1. The accuracy of this method is inversely proportional to the size of the squares. 

Fig. 1: The visualisation aid. Fig. 2: common map and the descretized map. 
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The problem of finding a route over such an area of terrain can occur in many different forms. These 
range from significant real-world problems such as planning the lay of roads and railways to navigating across 
the surface of Mars. Some military uses could be autonomous scout vehicles, cruise missile flight path 
optimization and submarine thermal layer navigation. Two of OTTO's features allow it to be easily integrated 
into real-world situations. Firstly, OTTO can accept any map that can be reduced to an array of numbers and 
secondly, the ability for the cost/fitness function to be adapted. 

Several studies into the path-planning problem have been examined that use both conventional search 
techniques [21-24] and the GA [25-27]. It was demonstrated in these studies that the GA was a powerful tool in 
this type of optimization problem. However, there have been relatively few published papers on terrain traversal 
[28-31]. None of these studies addressed terrain traversal as it is defined in our study. They did not investigate 
any evolutionary approaches either. Some studies considered path feasibility only, ignoring path optimality (30, 
31]. This paper proposes a new GA based approach to 3-D terrain traversal. Experimental studies have been 
carried out to demonstrate the robustness and effectiveness of the proposed approach. 

The rest of this paper is organised as follows. Section 2 describes the OTTO system, including the 
system architecture, chromosome representation, genetic operators, constraint handling, population initialisation, 
and other GA features. Section 3 explains the experimental design and presents the results of this experiment. 
Finally, Section 4 analyses and summarises the results of this paper before the concluding remarks are made. 

2 The Optimal Terrain Traversal Organism (OTTO) 

OTTO is a computer program that finds a near-optimal path across 3-D terrains using a GA. The 
program is written in 'C' and features a graphical user interface, implemented with Motif, that allows various 
inputs. The inputs consist of GA parameters that enable the user to control the GA and a map filename that 
allows the input of any terrain text file. Once run, OTTO outputs the solution graphically and prints out the 
solution cost. OTTO's graphical interface consists of six main Motif widgets. The first screen that faces the user 
upon execution is the options screen. The purpose of this screen is to provide OTTO with the ability to receive 
user input. This screen includes default values so a novice user can run the program easily. The initial options 
screen and a final output solution on a randomly generated map are pictured in figures 3 and 4. below: 

Fig. 3: The options screen. Fig. 4: A final solution on a randomly generated map. 

2.1 Cost Function 

The cost function used by OTTO' s GA consists of two terms, one for measuring the distance and the 
other for smoothness. It can be described as: 

,. 
Cost = 

end 
1: 
start 

[a+ ((1 -a) x abs(hl- h2))] 
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where a is a weighting factor for balancing the importance between distance and smoothness, abs(hl - h2) 
represents the height difference between the next and current position (square). The summation goes from the 
first square of the solution to the last one. When a is 1, the cost only depends on the number of horizontal moves 
(i.e., distance). OTIO will try to find the shortest path in this case. When a is 0, OTTO will try to find the 
smoothest path regardless of distance. In the rest of this paper, we will use a value of 0.5 that places even 
weights on both horizontal and vertical movement. However, to equal the true cost value, the resulting cost must 
be multiplied by 2 because the moves have 0.5 times their actual value. The ability for OTTO to utilize this a 
value make it very flexible for different situations. 

2.2 Chromosomal Representation 

OTIO's population of solutions is simply a group of paths from start to finish, each with a cost, or 
fitness. Each solution translates to a single chromosome, or individual in that population. A gene represents a 
single coordinate point in an individual solution. OTIO uses a 'phenotypic' gene structure, meaning the genes 
relate directly to the problem without the added complications of a decoding function. If a solution is simply a 
list of points (or genes) from start to finish with a cost, the chromosome must emulate this. Hence the 
chromosome is implemented by a record structure with a cost, or fitness value, and the start and end of a solution 
represented by the head and tail of the linked list of genes. Without loss of generality, the first gene, or head, will 
always be point (0,0) and the last, or tail, will be the right bottom corner or goal point. 

2.3 Genetic Algorithm 

The GA used by OTIO, shown in figure 5, is steady-state and features elitism. Distinguishing features 
of this implementation are new genetic operators and the method of generating the initial population. 

Initialize Population 
G=O 
Elite= Pop[O] 

While (G < MAX_GEN) 
{ 

Save Elite (Best) 

Select (mother) 
Select (father) 

Crossover (mother, father) 
Mutate (mother') 
Mutate (father') 

Insert both into Population 
(From where they were selected) 

Copy Elite over Worst 
G++ 

2.4 Initializing Population 

Fig. 5: OTIO's GA. 

To generate one full solution, individual square to square moves are generated until the goal is reached. 
That is, only feasible paths are generated. For each move a probability is assigned according to a function of the 
cost of each choice. It can be described as: 

where P; is the probability of making move i, /;is a function of the cost of the move, and n can be 1, 2 or 3. n is 
randomly generated and remains constant throughout the generation of one whole chromosome. Ann value of 2 
or 3 will make the probability of low cost moves much higher than they would be with a value of 1. This n value 
is used to generate chromosomes that can be seen as greedy while maintaining the population diversity. 
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One rule used in generating a chromosome is that a solution cannot cross over itself. This is to prevent 
the formation of loops in a solution. Every time the generate_move function assesses the possible moves it 
checks firstly if they are on the map and secondly if they are not already part of the solution. Needless to say, 
there is a complication with this method. The situation can arise that the solution may spiral into itself. This will 
happen if the solution hits an edge and randomly moves away from the goal. It then has nowhere to go. The 
remedy in this case is to declare the solution infeasible and start again. 

2.5 Crossover 

The crossover function used by OTIO performs a probability check on the value of crossover ratio 
(provided by the user) before checking if there is a mutual crossover point. If both checks are favourable it 
performs the crossover. If more than one possible crossover point exists one of them will be randomly chosen. 
Once the parents are crossed the two children are checked for loops, as the solution may not cross itself. If any 
are found they are removed. An example crossover is shown in figure 6. 

Figure 6: Example crossover parent and children. 

2.6 Mutation 

To mutate an individual, a point is chosen at random along the path. A mutation can only·occur at a 
point that represents a kink. Straight lines are not mutated because the possible mutations of the straight line are 
unlikely to improve the solution. A mutation consists of flipping the orientation of the kink and con catenating it 
if necessary. This method allows all areas on the map to be reached. Figure 7 shows three examples. Here the 
thick arrow indicates the chosen point. The point is tested to determine the nature of the surrounding points and 
if it is not a straight line it is mutated. The first is flipped, the second is ineligible and the third is flipped and 
concatenated: 
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Figure 7: The results of mutation. 
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2. 7 Experimental Design 

In order to evaluate OTIO's performance, a human control group was used to solve the same set of 
problems as those to be solved by OTTO. Since there were two parties involved, it was decided to ensure 
experimental equality, in effect each would design their own maps. Embracing this philosophy the experiment 
uses two sets of 5 maps. The first set was designed by a human and the second set by a random number 
generator. The human designed maps had structures and patterns. In order to accentuate this structure, slight 
shading was provided on these maps. The computer-generated maps were quite opposite. There was no structure, 
no patterns and no shading. Small 10 x 10 examples of these maps are shown in figures 8 and 9 below. 

s 0 0 0 1 1 2 3 2 1 

0 0 0 1 1 2 2 2 2 1 r--
0 1 1 1 2 2 1 1 1 1 

t--
0 0 1 3 3 3 1 1 0 0 
0 0 1 2 3 3 1 1 0 0 
0 0 1 2 2 2 1 1 0 0 
0 0 1 1 1 1 1 1 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 G 

Fig. 8: A structured example map. 

s 8 5 4 3 1 7 1 7 7 
5 5 2 8 4 7 5 8 2 3 
1 4 9 8 6 2 8 8 1 6 
0 2 5 2 5 0 7 1 6 8 
3 0 1 0 3 7 7 6 8 3 
1 6 8 2 5 2 1 1 9 5 
3 9 5 4 2 7 5 7 9 1 
6 2 2 5 2 1 4 8 9 0 
8 1 0 8 2 8 2 4 2 6 
4 4 3 3 3 1 6 3 2 G 

Fig. 9: An unstructured example map. 

This division produced a marked difference in map's complexity. Two complexity measures, inspired 
by Kauffman [32], have been used to analyze the maps used in this experiment. The first is a count of local peaks 
shown in figure 10. A local peak is defined as a point, or group of points at equal height, higher than all 
surrounding points. The second measure is the absolute roughness of each map. This equals the sum of all the 
height differences across all vertical columns and horizontal rows. This is displayed in figure 11 . 
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Fig. 10: Local peak counts. Fig. 11: Absolute Roughnesses. 
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The experiment consisted of three phases, the human phase and two different computer phases. Phase 1 
involved giving these 10 maps, with a short explanatory introduction, to 15 human subjects and having them 
produce a near-optimal solution for each. Since assessing time-efficiency is one of the goals of this paper, all 150 
solutions were individually timed. Phases 2 and 3 involved OTIO processing the same maps 15 times each 
phase totaling 300 individual runs. The two phases differed in the GA parameters used. Phase 2 used a 
population of 6 over 20 generations while phase 3 used 40 over 400. Running OITO 15 times for each map for 
each phase was to ensure the solutions found by OITO could be statistically compared to the humans' solutions. 
These figures were chosen to highlight the effects of larger populations and extended periods of evolution on the 
performance of the GA..Both phases used figures of 0.5 for crossover ratios and 0.2 for mutation ratio. These 
values were chosen after preliminary testing of OITO and may not be the optimid setup. 

3 ExperimentalResults 

This section presents the results of the experiment described previously. Prior to this OTIO is 
examined in order to .validate OITO's results. The experimental · results .are then presented and explained. 
Finally, these results are arialyzed and discussed in relation to the aims of the experiment. 

3.1 Evolutionary Process 

. This section demonstrates the performance of OITO by examining its evolutionary process. This is 
achieved by measuring of the improvement of the solutions over the number of generations. This shows the 
effectiveness of the GAand its genetic operators. -To do this, 20 example solutions were taken, 10 using phase 2 
parameters and 10 using phase 3 parameters. OTTO performed 46 fitness evaluations during phase 2 and 840 
during phase 3. The results of this are shown in figures 12 and 13, which demonstrate clearly the effectiveness of 
the genetic operators early in the evolution and what one would expect from an algorithm based on evolutionary 
process: the longer it is ~llowed to run the better the solutions become. 
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. -+-Map1 

500 
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Generation Generation 

Fig. 12: Typical OITO phase 2 evolutionary processes. Fig. 13: Typical OITO phase 3 evolutionary processes. 

It is clear that maps 6-10 experienced significantly higher improvement rates than maps 1-5. This shows 
that the use of the n value in population initialisation has had the desired effect of creating good solutions while 
maintaining population diversity. When the map is simple, the initial population might contain some very good 
solutions already. Continued search might not improve the solutions very much. When the map is complex, the 
GA is able to further improve the initial solutions significantly. 

3.2 Human and OTTO Results 

Shown in figures 14 and 15 below are the complete results of the three phase experiment. These results 
are averages over the 15 individual humans and GA runs for each map. 

A number of characteristics are discernable from the experimental results . The humans performed very 
well in finding near-optimal, and even some globally optimal solutions. However, the human downfall was a 
lack of time-efficiency when tackling the unstructured maps 6-10. OITO, on the contrary, found slightly less 
optimal solutions faster. 

The difference between OITO's phase 2 and 3 cost ranges shows that for maps 6-10 an increase in 
generations and population size greatly affected the solutions found. This indicates the effectiveness of GA in 
dealing with unstructured random maps with many hills and valleys. Furthermore, OITO in phase 3 on maps 6-
10 achieved more consistent and robust results than humans in much less time. It is this absence of the dramatic 
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time increase at maps 6-10 that is displayed by the humans that is OITO's most attractive feature. To further 
qualify OITO's phase 3 comparative results on maps 6-10, at-test [33,34] was conducted that demonstrated the 
results to be statistically significant at a= 0.05. 

350 .--- - - - --- - - ----;-----, 

300 t----:::_:_:_-=-::::..__-,--------;::-------1 

'iiii 200 t----::-~:--::-:----::1111 
0 u 150 t-____:: ____ +H 

50 

2 3 4 6 7 B 9 10 
Map 

Fig. 14: The average costs per map. 

3.3 OTTO's Scalability 
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Fig. 15: The average time per map. 

Scalability is an important issue in almost all practical systems. This section presents some preliminary 
results on OTIO's scalability, i.e., on OTTO's performance with respect to the size of the problem, in the case 
of the terrain traversal problem, the size of the map. The maps used in the previous experime'nt were all 30 x 30. 
OTTO's performance on different sized maps was examined by generating 7 maps of different sizes. Ranging 
from 10 x 10 to 40 x 40. All the maps were unstructured and randomly generated. OTTO processed these maps 5 
times each with the setting used in phases 2 and 3. The average times of these runs are shown below in figure 16. 
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Fig. 16: OTIO's scaled performance. 

The fact that phase 2 experiences the growth much later and less dramatically than phase 3 confirms 
that GA is better at finding satisfactory solutions fast than it is at finding the exact global optimum. The results 
also show that OTTO would be rather computational expensive if a map is large and the quality of the solution is 
required to be very high. A possible improvement of the OTT system is to apply it hierarchically to a map. That 
is, we can apply OITO to a map of coarse grids first, and then apply it to each individual square that is divided 
into finer grids. 

4 Conclusions 

This paper has addressed the problem of 3-dimensional terrain traversal by GA. Previously there have 
been several studies involving terrain traversal. However, none have solved the problem as it is defined in this 
study, nor have they utilized the advantages of the GA. This paper proposes a new GA-based approach to the 3-
D terrain traversal problem. New genetic operators and a population initialisation method have been proposed 
and tested through experimental studies. A software system, OTIO, has been developed. From experimentation 
the following conclusions can be drawn. Firstly, OTIO could find near optimal solutions comparable to those 
found by the humans but is much more robust and uses much less time. Secondly, OTIO produced consistently 
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faster solutions than the humans over a small number of generations and over a large number of generations still 
produced faster solutions than the humans on the unstructured maps. Thirdly, the humans produced consistently 
better solutions than O'ITO for simple maps but on unstructured maps OTIO could produce comparable results 
while displaying much higher consistency. These conclusions show the GA is a suitable algorithm for solving 
the terrain traversal problem automatically. While O'ITO's implementation of a GA might not find the exact 
global optimum, it does prove beneficial in tackling large unstructured maps, producing satisfactory solutions 
efficiently and consistently. 

Future work of this study includes optimizing OTIO's parameters for time-efficient fine-tuning, 
examining the application of a hybrid algorithm to this problem and examining the effects of changes to a on 
OTIO' s performance. 
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