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Abstract—In this paper, we propose a path planning frame-
work for underwater exploration and rugosity estimation using
Autonomous Underwater Vehicles (AUVs). Rugosity, a measure
of variation in the height of a surface, is commonly used
to characterize seafloor habitat. The goal of this work is to
optimize the survey of an unknown area in order to efficiently
estimate its rugosity. To this end, we propose a novel rugosity
approximation on 3D voxel grids and a novel framework for
using that approximation to adaptively plan AUV paths. The
proposed method employs a heterogeneous set of sensors — multi-
beam sonar and stereo cameras — whose varied resolution and
range make them complimentary for this task. For broad-scale
exploration, sonar is used to produce a coarse sense of the
area’s structure. Fine-scale exploration is completed using the
stereo cameras to refine the high-resolution estimate of rugosity.
Results display the simulation of two scenarios on real structural
data gathered with an AUV and diver held sensor. The first
scenario explores the situation where no broad-scale information
is available and the robot must explore the terrain optically.
The second simulates the two-pass case and demonstrates our
method’s ability to achieve high accuracy rugosity estimation
faster than other survey planning approaches.

I. INTRODUCTION

Optical benthic surveys of the underwater environment have
found great success through the use of Autonomous Under-
water Vehicles (AUVs) [1]. AUVs have generated excellent
high-resolution imagery for mapping, and the autonomy of
the vehicles has led to increases in the volume, accuracy, and
repeatability of surveys. However, several factors make opti-
cally surveying the benthos challenging: the footprint/aperture
and effective range of underwater high resolution sensors
is very limited relative to aerial and terrestrial equivalents;
battery life of AUVs is finite, limiting bottom time; and
communications with the surface can be slow and unreliable.
These factors make AUVs an expensive resource for benthic
survey. Consequently, using this resource in the most efficient
manner possible will greatly decrease the time and cost of
surveying areas of interest at high resolution.

AUVs typically employ pre-planned survey patterns and uti-
lize different types of sensor data independently. One method
of increasing the efficiency of underwater surveys is to inte-
grate survey data taken at higher altitude using longer-range
sensors, like sonar. To better exploit this long-range data, we
can employ adaptive path planning that prioritizes the survey-
ing of the areas of greatest interest with the highest resolution
and most coverage. In this paper we focus on one specific
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problem domain for benthic monitoring: surveys intended for
biological assessment. We further refine this abstraction to
look specifically at terrain complexity. Terrain complexity
is frequently used as a proxy for biodiversity and in many
assessments of biological processes on the benthos [2]. In
this paper we present a technique for efficiently characterizing
the terrain complexity of the seafloor by adaptively directing
an AUV. We adopt the paradigm presented by Friedman et
al., which defines a terrain complexity model that generates
rugosity values over a 3D mesh [3]. The main contributions
of our framework are:

1. we propose a novel computationally efficient rugosity
approximation.

2. we make the use of coarse resolution information col-
lected from high-level survey to allow the low-level survey
focus on area of importance.

3. we make use of the 3D structural information to help
improve the path planning efficiency.

While the proposed techniques could be used to optimize
many survey goals, we limit the scope of this work to the
characterization of the rugosity of an area as quickly and
efficiently as possible using a benthic surveying AUV.

The paper is structured as follows: we will discuss some
prior works on autonomous path planning for different sce-
narios in Section II. Then we will give an overview on how
we make use of long-range data in lower altitude survey in
Section III. Finally, we evaluate the algorithm’s efficiency
in Section IV. Conclusions and a discussion of future work
appears in Section V.

II. PRIOR WORK

The view and path planning literature relevant to the pre-
sented work can be categorized based upon the degree to which
the technique has access to prior information for planning.
There are a class of techniques known as Next Best View
(NBV) planning [4] which assume no knowledge about the
structure prior to observation. As sensor data is acquired, the
vehicle or sensor is directed to move in a manner which will
increase the understanding of the object or scene given all of
the currently observed data. This work uses either a surface
model or a volumetric representation to plan new potential
views of the scene. Surface-based techniques fit parametric
models to existing data to determine how new unoccluded



Figure 1. Terrain reconstruct reveals the rugosity information from a two-level AUV survey: In the high altitude survey, sensor resolution is low. We can
collect a coarse structure of interesting areas. In the low altitude survey, the 3D structure model we estimated will be refined efficiently as the vehicle is

performing our adaptive path.
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Figure 2. Framework pipeline — the exploration contains two levels of survey:
1) A high altitude survey using a sonar sensor is performed. The data from
the sonar will be accumulated to initialize a coarse 3D occupancy map; 2)
A low altitude survey is performed with an optical sensor. Several kinds of
information will be extracted from a 3D occupancy map and used to adaptively
plan a path.

views can be gathered [5]. Volumetric techniques subdivide
the environment and reason about planning new views by
examining voxel visibility given varying sensor locations and
fields of view [4]. These techniques make strong use of
the geometry of the vehicle and sensors, but are typically
limited to small structures in indoor environments. In outdoor
large scale surveys, Kim and Eustice apply NBV planning to
maintain bounded error on a visual simultaneous localization
and mapping (SLAM) system by modifying the vehicle’s path
when localization error grows too large [6]. However, this
work was not directly focused on optimizing a structural
model. To some degree it achieves this by proxy through
the generation of an accurate map and well localized set
of features. Hollinger et al. propose a direct optimization of
a 3D structural survey with an AUV by using a Gaussian
Process (GP) to model a ship hull being surveyed [7]. This
work does not incorporate prior observations. While the use
of a GP enforces smoothness assumptions well suited to man-
made objects, it is less relevant to the unstructured natural
environments observed when performing biological survey.
Galceran and Carreras propose a framework for planning
coverage paths for ocean floor inspection [8]. They focus on
generating practical coverage paths which follow constant-
depth horizontal contours on the target surface. In contrast to
the work we propose in this paper, their work is not directly

optimizing the information gain of the path.

For situations in which prior information exists, techniques
often frame the problem from an information theoretic per-
spective. The largest body of work does this using a partially
observable Markov decision process (POMDP). In this frame-
work both the platform’s position and the sensor’s observations
are uncertain. While this is a theoretically rigorous formulation
of the problem, it becomes computationally intractable for
large state spaces as it is PSPACE-complete [9]. This has led
to many approximations of the generalized POMDP problem
that allow for tractable solutions. Bender et al. use a GP to
predict areas of the largest uncertainty to focus AUV dives for
the greatest information gain. This work selects from a quiver
of pre-planned dives and is focused on sampling. The space
of possible trajectories required for 3D structural complexity
surveys would render such a technique inapplicable [10].
Hollinger et al. implement an information gain optimizing
sample based planner [11]. This technique also uses a GP for
modeling the underlying process. It is focused on processes
in 2D and as such its reward function does not lend itself to
structural complexity mapping.

III. MULTI-ALTITUDE EXPLORATION

To achieve our goal of planning paths for AUVs to capture
structural rugosity information more efficiently, we propose to
combine two levels of exploration using different sensors. The
flowchart of our proposed framework is shown in Figure 2.
We model our knowledge of the space using a 3D occupancy
grid. The high altitude survey will provide an initialization
to the occupancy grid. In the adaptive path planning of
low altitude exploration, structure information extracted from
the 3D occupancy grid will be used within a costmap to
optimize a path for the vehicle. The 3D occupancy grid will
also be further updated using the observation from a low
altitude survey. We will describe space modeling in greater
detail in Section III-A, then discuss high altitude surveying
in Section III-B. More details will be discussed on how we
extract information from the 3D occupancy grid and how we
perform the path planning using the extracted information in
Section III-C.



A. Space Modeling

As shown in Figure 2, we use a 3D occupancy grid to
represent our knowledge of the world based upon sensor
observations. Hornung et al. implement a sparse 3D occupancy
grid which we utilize here [12]. A 3D occupancy grid divides
the space into voxels. An occupancy probability P(n|z1.t)
will be assigned each voxel as a measurement of observation
uncertainty on the occupancy status of that cell.

Each voxel will be labeled as occupied, known (observed
but not necessarily occupied), or free based on its occupancy
probability. The occupancy probability is updated by the
formula:
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Given the current measurement z;, the occupancy prob-
ability P(n|z1..) is updated from the previous estimate
P(n|z1.4—1). P(n) is uniformly initialized to a probability of
0.5 for every unseen node. This 3D grid will later be used to
extract information about the scene in order to plan a path.

In the following section, we will introduce how we obtain a
coarse 3D occupancy grid from a high altitude acoustic survey,
which will help to prioritize a low altitude survey.

B. High altitude exploration

The first pass of the multi-altitude mapping is performed
with an acoustic sensor at a range where optical mapping
would be inapplicable (typically > 4 m dependent on water
clarity). Acoustic sensors are commonly employed to perform
benthic mapping. Sound propagates well through water en-
abling long range sensing. In this work we examine the use of
a multi-beam sonar which is capable of quickly providing a
broad-scale high-altitude map of the environment by making
several high pass sweeps of an area. The downside of acoustic
mapping is the lack of spatial resolution leading to the limited
ability to characterize fine-scale rugosity. We employ a static
complete coverage plan to get an overview of the area.
Specifically, we use a Zamboni pattern, which is employed
for vehicles with limited turning radii. An example is given in
Figure 3. Note that the choice of path for high altitude survey
is not critical assuming that it generates broad coverage of the
area sufficient to seed the next steps of exploration. The data
collected by the sonar sensor during the survey will be inserted
into the occupancy grid. This coarse structural information
will be used to direct the path planning as described in the
following section.

C. Low altitude exploration

Low altitude exploration is done using active path planning
based on the 3D occupancy grid described in the previous
section. To determine the vehicle’s path, we generate several
possible short term goals, evaluate the priorities of these goals
and establish a metric to search for an optimal path to the
best goal with respect to estimating rugosity efficiently. The
whole path planning strategy utilizes three different abstrac-
tions adaptively generated from the 3D occupancy grid: a 2D

Figure 3. High altitude exploration with static path: High altitude survey is
performed with a Zamboni’ path, which will cover an area by a vehicle with
a large turning radius. The data collected in this stage will be used to initialize
an occupancy grid for a low altitude survey.

occupancy map, a fast rugosity map and a 2D information gain
map. As shown in Figure 2, as the survey goes on, the stereo
camera will observe the terrain and estimate a point cloud of
the structure using dense stereo image processing. The point
cloud will update the 3D occupancy grid to incorporate the
most recent observations into each planning step. The three
abstractions are presented below.

2D occupancy grid: The 2D occupancy grid represents the
occupancy status of the XY plane when the vehicle is looking
down. This is a 2D version of the 3D occupancy grid that
facilitates efficient 2D lattice-based planning. We extract this
by taking the maximum occupancy probability of all voxels in
a Z-axis column. We also designate regions where the entire Z
column has been observed and no longer requires exploration.
This map gives us an overview of the geometric relationship
between unknown and known area, which can be used to
determine where the next candidate goal locations lie.

Fast rugosity map: The fast rugosity map is a grid-based
representation of the structural rugosity of each location in
the XY-plane. The definition of rugosity is the ratio between
the actual length (or area) along the undulating terrain and
the straight-line distance (or planar projected area). This is
a compact expression of terrain complexity. As shown in
Figure 4, when we observe a target with fixed resolution, the
area with higher rugosity receives a lower spatial sampling rate
than areas with lower rugosity. We propose that higher priority
should be given to high rugosity areas to ensure uniform
spatial sampling when imaging from overhead. This is done
using the rugosity map to calculate the priority of possible
goal locations.

Fine rugosity estimation is computationally expensive for
a real-time planning system. To mitigate this we propose a
fast rugosity approximation, as we are only interested in the
relative relationship among different locations.

To speed up the rugosity calculation, the approximation
makes use of the grid of cells instead of considering the full
3D structure of a mesh. We formulate this as:
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Figure 4. Rugosity and sampling rate: Here is a toy example considering
only one dimension. Since the sensor is looking down, we assume an average
sample rate on the horizontal axis. However, since the terrain has different
rugosity, sampling distance on the terrain plane (or axis) is quite different.
This indicates that the area with larger rugosity will end up with the lower
sample rate, which results in higher information loss.
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Figure 5. Fast rugosity approximation: a unit face to calculate the fast rugosity
estimate is shown. The three points are 3D voxels in an occupancy grid with
neighboring XY-coordinates. We use the ratio of the green area to the red
area to approximate the rugosity at point P, .. The method to calculate this
ratio is discussed in

R, is the rugosity of a support area C, centered at
location (x,y). pu, i the highest 3D point at location (u,v).
dx and dy are resolutions of the 3D occupancy grid. N,
is the number of occupied py, in Cyy. A diagram with a toy
example is shown in Figure 5. Fast rugosity at a single point is
approximated by the ratio between the area of the unit surface
(green face) and the projection area (red face).

The fast rugosity is just a rough approximation of terrain ru-
gosity. However, our goal is to assign priority to potential paths
based upon rugosity. The proposed approximation is sufficient
for our application since it maintains the relative relationship
of rugosity between different map locations regardless of the
absolute error.

2D information gain: The 2D information gain map is
a measurement of how much information the sensor could
potentially obtain at a certain location. We first consider the
information gain by observing any single voxels in the space.
We treat the occupancy of a voxel as a Boolean random
variable. Then the entropy of this random variable is:

H = —plogp — (1 —p)log(l—p)

Each unknown voxel has a maximum entropy of log(2). When
it’s observed, the entropy will drop. The minimum entropy
is reached when we are certain about whether it’s occupied
or free (P=1/0). So the maximum information we can obtain
by observing a voxel is equals to its entropy. Considering a
location at the vehicle’s survey altitude, the information gain
of one location is the sum of entropy of all voxels it can

Figure 6. Information gain of camera : We cast sample rays from the camera
position. The red rays that hit a voxel in the occupancy grid will have an
information gain according to the occupancy probability of that voxel. For
the green rays that go through nothing, we assume maximum information
gain to be conservative.

observe in that location: G; = 3, p H(p;). B; is the set of
voxels that can be observed from position . We estimate B; by
casting simulated rays from the observing location according
to the camera’s resolution and field of view, As shown in
Figure 6. If a ray hits an observed voxel, then the entropy
of that voxel is added to the sum. If the ray does not hit any
voxels, that indicates a location we have not explored. We
will assign max entropy (p = 0.5) to that ray. We found little
difference with both full and half resolution for ray casting.
Thus, half resolution is used in our implementation for the
sake of efficiency.

Adaptive Path Planning: We perform adaptive path plan-
ning for a low altitude survey based on the abstractions
discussed above. The 2D occupancy grid will give us the
geometric relationship between occupied, unknown, and un-
desired areas. We detect the boundary among unknown and
occupied areas as possible goal locations. These locations
are referred to as ’frontiers’ in [13]. Then we rank the
frontiers by comparing the rugosity in these locations using
the fast rugosity map. Finally, the A* algorithm is employed
to generate the path from current vehicle location to the
target frontier. The cost of a trajectory F'(a) is defined as
a weighted combination of path length and information gain.
F(a) = ax* Length(a) — x>, Gi, where a and 3 are
corresponding weights that reflect the trade off between path
length and information gain. Intuitively, optimal paths will be
the paths that capture the maximum information gain while
minimizing the path length. The path will be recalculated
within a certain update-period when the vehicle is moving
to capture the most up-to-date environment information.

IV. EXPERIMENT AND DISCUSSION

To evaluate the efficiency and robustness of our algorithm,
we perform a set of simulations on real data gathered with an
optical survey AUV and a diver held sensor [1]. With simu-
lation results we are able to analyze accuracy and efficiency
with respect to the ground truth data, which would be difficult
to obtain for these experiments. We evaluate the algorithm
under two different scenarios: when a high altitude survey is
available for system initialization and when no high altitude
survey information is available. We evaluate the proposed
algorithm’s performance using two metrics: 1) accuracy of the



(a) Model A

(b) Model B

Figure 7. Terrain models used in the experiments

mesh surface reconstructed from the 3D occupancy grid, which
evaluates how closely the sensed model matched the ground
truth structure and 2) the accuracy of the rugosity estimation
of the reconstructed mesh compared to that of the ground truth
model.

In the following subsections we will first give more de-
tails on how we carry out the simulation then discuss the
experimental results on different terrain models and different
evaluation metrics.

A. Simulation Setting

We use a full 3D real time underwater simulator
UWSim [14] to simulate the AUVs and underwater environ-
ment. UWSim is a powerful and popular underwater environ-
ment simulator for marine robotics research and development.
For the input terrain model to UWSim, we use large-area
dense coverage models gathered at high resolution and recon-
structed using the previously published techniques of Johnson-
Roberson et al. [15], [16]. These models have fine scale data
across areas as large as 50 x 75 m. We include models of
two different representative types of terrain to better evaluate
the robustness of our framework. The models used in our
experiment are shown in Figure 7. We evaluate our framework
performance in the case where rugosity distribution is quite
uneven (Model A) and also the case when rugosity is evenly
distributed (Model B).

For virtual vehicles, we use Girona500 with a stereo camera
set and a multi-bean sonar. The multi-beam Sonar used for
the high-pass has a 60 degree swath width and an angular
resolution of 0.1 degree. In the high altitude survey, the
average distance from sonar sensor to terrain is 10 m in the
high altitude survey. It leads to an average spacial resolution
of 0.5 m on the benthos. In the low altitude survey, stereo
cameras are used with the resolution of 1024 x 768 and a
baseline of 0.12 m. The average distance from camera to
terrain is 3 m in the low altitude survey.

B. Evaluation on Rugosity Estimation

The presented framework provide sufficient information for
multi-scale terrain rugosity estimation [3]. Because of this, we
expect our exploration strategy will decrease the error in dense
rugosity estimation more efficiently than the other techniques.
To evaluate this, we estimate terrain rugosity of mesh models
constructed from 3D occupancy grids generated periodically
over the course of the vehicle’s exploration of the site, and
compare them with the rugosity estimated from the ground
truth model. Some details in the construction of the mesh
model from the 3D occupancy grid will be given in IV-C.
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Figure 9. Results of surveys carried out on Terrain Model A with the high
altitude survey as initial input.

Fig 9(b), 10(b), 11(b) and 12(b) show the difference in
rugosity between the estimated model and the ground truth
mesh model with respect to path length.

For underwater exploration, the global localization is chal-
lenging. The lack of the global positioning system (GPS) and
the absence of clearly visible landmarks makes returning to a
location on the benthos difficult. It is not uncommon to see
5-10 meters of error when returning to a target. To reflect this
challenge we run a set of experiments with varying starting
locations spaced 5m apart to realistically test the multi-level
path planning problem under uncertain global pose. The error
bar in the result figure shows the standard deviation of results
from different starting locations.

Under all cases, both our method and the FB algorithm is
more accurate and more consistent than static path planning,
which is not surprising. It can be seen from Figure 9(b) and
11(b) that our proposed method always has a lower error
in rugosity estimation when the high altitude observations
are used. This result indicates the proposed method is more
efficient in capturing the structural rugosity information than
the other methods. By comparing the result from two different
terrain models, we can tell that the benefit of the proposed
method is greater when the rugosity is unevenly distributed.
In the case when no high altitude information is available,
as shown in Figure 10(b) and 12(b), our proposed method
performs similarly to the FB algorithm.
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Figure 10. Results of surveys carried out on Terrain Model A without the
high altitude survey information

In the case when no high altitude survey has been per-
formed, the trend of the error in rugosity estimation and mesh
reconstruction is similar. The error is a function of the amount
of area covered by the vehicle. However, when the data from
the high altitude survey is used we note error is a function
of coverage of the high relief areas. This can be attributed
to the challenge of accurately capturing such areas from the
high altitude survey. Additionally, the error in rugosity is more
directly related to high relief area coverage than mesh error.
The smoothness assumption in mesh reconstruction makes it
a less sensitive error metric to data resolution.

The result indicates that our proposed method is able to
provide a better rugosity estimation with the data from a high
altitude survey as initial input.

C. Evaluation on Mesh Reconstruction

Though our framework is targeted at rugosity estimation,
structure reconstruction is an important output of any under-
water visual survey. The accuracy of structure reconstruction
is a key indicator to the quality of a survey for more general
scenarios. In this experiment, we also consider the mesh
reconstruction accuracy to evaluate our proposed method. We
process the 3D occupancy grid into a mesh model and then
compare it with the ground truth model. We take the center
point of each voxel to form a 3D point cloud, then use Poisson
Surface Reconstruction [17] to estimate a water tight surface
mesh. We align the estimated mesh with the ground truth
mesh model using Iterative Closest Point (ICP) [18]. Finally,
the two meshes are compared by calculating the Hausdorff
distance [19] between them. This gives us an error value
expressing the similarity of the two models.

The error of the estimated mesh from the ground truth
mesh model with respect to path length is shown. Fig-
ure 9(a), 10(a), 11(a) and 12(a) show the mean and standard
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Figure 11. Results of surveys carried out on Terrain Model B with the high
level survey as initial input.

derivation of error for all experiments with different starting
points.

In the case where the high altitude survey information
is used, as shown in Figure 9(a) and 11(a), both the FB
algorithm and proposed algorithm are more efficient than the
static pattern path planners and less sensitive to the change in
starting position. This can be attributed to the adaptive nature
of these planning algorithms. Our proposed method performs
similarly to the FB algorithm in terms of mesh reconstruction.
This is expected, since we are not directly optimizing our
path with respect to mesh reconstruction. In the case when
the high altitude survey observations are used, the proposed
algorithm tends to be more stable as shown by the error bar,
as it takes global information into account. the FB algorithm
is more sensitive to starting position in those cases since it
performs frontier ranking based on local information.

Our proposed method does not sacrifice efficiency in recon-
structing the 3D structure when we target rugosity information.
Is it also seen that our framework is able to utilize the high
altitude survey to be more robust to starting position.

V. CONCLUSION

In this paper, we introduce a framework for path planning
to explore an unknown area and estimate its rugosity. We
achieve this by performing a high altitude survey using sonar
prior to a low altitude survey using stereo cameras. We give

mesh

Figure 12. Results of surveys carried out on Terrain Model B without the
high level survey information

higher priority to high relief areas in the low altitude survey
to optimize the information gain of the path. We evaluated
our algorithm under a simulation using terrain data collected
by real AUVs. Base-line methods are compared with our
proposed framework to prove its robustness and efficiency.
The results indicate that our algorithm performs more effi-
ciently in capturing rugosity information of the structure while
maintaining a high efficiency in structural reconstruction. For
further exploration of this question, full 3D planning could be
considered. Another avenue for future work would be building
up an uncertainty model for the stereo camera that is corrected
for water column effects.
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