












 

 

 
Figure 8: Path variation over multiple runs 

To evaluate the performance of the current 

algorithms, results are compared with those for a basic 

heading controller, where the vehicle heading is set to the 

destination at every point on the path. Results in Figure 7 

show that both the grid and RRT based methods are 

successful in producing feasible paths through the field. 

Over the three missions A, B and C, the energy 

consumption has been computed as the sum of Equation 

10 over all path nodes. The results are shown in Table 1. 

 

Mission Energy Cost (kJ) 

Heading 

controller 

RRT Grid 

A 289.1 263.7 267.8 

B N/A 417.5 432.9 

C N/A 475.5 431.7 

Table 1: Energy cost results 

Mission A represents a simple planning scenario for 

a short distance mission. In this case the destination is 

downstream from the start, and the direct method yields 

satisfactory results. However, since it does not consider 

path costs, its energy expenditure is greater than both 

RRT and grid paths. The RRT path yields a marginal 2% 

improvement over the grid-based path.  

Mission B is a more difficult mission as it spans 

over a larger range and has shallow regions close to the 

destination point. For this less simplistic planning 

scenario, a heading controller is no longer sufficient to 

reach the destination. Instead, the vehicle reaches a steady 

state position where its propulsion cannot overcome 

ocean currents. The drawbacks of the grid discretisation 

are also evident, as the grid path cannot avoid the 

adjacent shallow region due to lack of discretisation 

freedom. On the other hand, the RRT path travels around 

the shallow areas and offers a 6% energy improvement 

over the grid path. 

However, for a highly difficult mission against 

strong ocean currents (Mission C), the grid path 

consumes 9% less energy than the RRT path. This 

scenario reveals some potential downsides of the RRT 

approach. With RRTs, paths that are against the Voronoi 

bias (against ocean currents) are less likely to be found, 

and the final path can fluctuate unnecessarily due to its 

probabilistic nature. 

6 Conclusions and Future Work 

This paper discusses the application of Rapidly-Exploring 

Random Trees to underwater glider path planning in an 

ocean current field. Biasing the growth of these trees 

allows us to generate a network which provides smoother 

paths than typical grid partitioned methods. 

Early results suggest that RRTs have strong 

potential in underwater planning applications because of 

the Voronoi bias, which innately drives the trees in the 

direction of ocean currents. This can then be exploited to 

generate paths that make full use of the ocean current 

velocity advantage. A comparison between RRT and grid 

techniques indicates that both methods may be suitable 

for glider path planning in different mission scenarios. 

RRT methods can overcome the drawbacks in the grid 

discretisation and thereby avoid high energy shallow 

regions, while the grid based planner can handle highly 

difficult missions against strong ocean currents, where 

RRTs may struggle to find path solutions against the 

Voronoi bias. 

However, one point to note is that the grid paths are 

optimal, whereas the RRT paths could potentially be 

improved if the RRT growth is improved accordingly. 

Thus, future work will examine additional biasing 

methods by which improved RRT paths can be generated. 

 

 

Figure 7: Path results for mission scenarios A, B and C (left to right) 
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Additional future work will look at the following: 

• Real-time update of ocean current and bathymetry 

data as they become available. 

• Modelling ocean surface as a sphere rather than a 2D 

plane, to more accurately represent distances between 

latitude / longitude co-ordinates.  

• Extension of the algorithm to produce strong results 

in a non-deterministic environment. 

• Employing the algorithms on a glider deployment, in 

order to obtain empirical data. 

Nevertheless, this paper has successfully applied 

Rapidly-Exploring Random Trees to an underwater 

application and demonstrated numerically the potential of 

these techniques, providing a foundation for future 

research in the area. 
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