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Abstract. Viewpoint path planning is an essential research area to develop underwater 3D maps for exploring underwater
environments. This paper presents a new algorithm to create offline paths for inspecting underwater 3D complex structures
and high relief environments. An a priori environment representation as an a octree is assumed. The algorithm optimizes
the planning in two different steps: first the number of viewpoints and later the path between them.
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1. INTRODUCTION

Almost 3/4 of the Earth’s surface is covered by water, which is essential for the existence and maintenance of the life
in our planet. A long the years many city’s were build near rivers, lakes, oceans. Nowadays the oceans are source of food,
renewable energy, over it, the oceans are the main trade route and under the oceans are huge oil and gas reserves. Those
means that have many industrial facilities such oil fields, dams, bridges, offshore wind turbines build in the oceans and
a long the years those structures become older and need to be inspected, even to plan the maintenance (de Souza, 2006;
Siciliano and Khatib, 2008; Zanoni and de Barros, 2015; Jacobi, 2015).

Underwater inspection used to be performed by specialized divers and/or Remotely Operated Vehicles (ROV). ROVs
are a class of the Underwater Unmanned Vehicles (UUVs) characterized by a physical connection with the base, through
this connection energy is sent to the vehicle and signal is exchanged. Based on this characteristics the ROV requires a
pilot and a crew onshore or in a mother-ship operating during the entire mission.

However divers need special training and is often a dangerous activity. In the some direction, ROV requires a team to
operate and has limiting movements because the physical connection.

Considering this limitations the development of Autonomous Underwater Vehicle (AUV) has received more effort.
The AUVs are another class of the UUVs which don’t have connection with the base, to it the vehicle have to have it’s
own source of energy and be capable to plan tasks and take decisions face to unexpected events. For this they can perform
those tasks and highly reduce the costs, allowing regular inspections (Siciliano and Khatib, 2008; Zanoni and de Barros,
2015).

Nevertheless AUVs are been used for 2D survey, usually just performing simple 2D trajectories which makes impos-
sible to safely inspect areas with a high 3D relief or complex structures.

Moreover to reconstruct or inspect complex objects, environments with high 3D relief, one single view, picture could
be not enough to produce robust results requiring more views. The problem of finding the number of required views and
which are those views is called view planning problem (Roberts and Marshall, 1998).

There are two main approaches to solve the view planning problem: (a) next best view (NBV) also called non-model
based method, where the algorithm/system do not have any a priori knowledge of the environment then the vehicle have
to determine the next best view based on the analyses of the current and previews views, and (b) model-based methods
in which based on a priori model with some fidelity with the real environment select the best viewpoints to inspect a
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structure/environment Scott et al. (2003). The model-based methods permit optimizing the number of views, the path
length and even guarantee the full coverage.

In this paper a model-based view planning approach is presented. Girona 500 AUV Ribas et al. (2012) equipped with
a multibeam sonar mounted over a pan and tilt unit has been used in the tests. Our objective is to plan a sequence of
viewpoints to inspect a 3D structure in the underwater environment giving a simple a priori model, taking into account
the sensor limitations and an operational safe distance.

This paper presents the viewpoints, the path as well as evaluation of the algorithm.
An short overview about related works is presented in Section 2.. In Section 3.is presented the proposed approach

description, followed by the evaluation of the proposed method in Section 4.1. Simulations are presented in Section 5.and,
finally the conclusions.

2. Related Work

A comprehensive literature review with the most relevant works in model-based viewpoint planning can be found in
(Scott et al., 2003; Tarabanis et al., 1995; Roy et al., 2004; Almadhoun et al., 2016).

Majority of the algorithms in model-based view planning works in a two step "generate-test"approach, which became
popular in the late 1990s. More recently a two-step optimization scheme have been employed. First step is solve the Art
Gallery Problem (AGP), which means found the minimum set of viewpoints to cover, inspect the object, region, structure.
Then, in the second step compute the shortest path to connect the viewpoints, in other words, solve the traveling salesman
problem (TSP) (Bircher et al., 2015; Golden et al., 1980).

In 1995, Tarbox and Gottschlich (1995) presented an approach, called IVIS (Integrated Volumetric Inspection Sys-
tem), based on the "view sphere" to generate the viewpoints focused in feature tolerance inspection. The "view sphere"
approach reduce the viewpoint space (the space where a viewpoint can be pose) to the surface of a sphere centered in the
object enclosing the target object. This assumption simplifies the problem from 6D to 2D. IVIS uses a volumetric repre-
sentation, many others systems uses a boundary-based representation. For the authors the use of volumetric representation
make easily to incorporate the tolerance and sensing operations. This work introduced many important concepts as the
viewability and measurability matrix. A surface point is assumed measurability if it is seen by the camera and the light
source, then the measurability matrix captures the visibility analysis over all surface points and all admissible viewpoints
(Tarbox and Gottschlich, 1995; Scott et al., 2003).

Although for large areas or objects it is not possible to apply the "view sphere" approach, mainly because the radius
to enclose whole the region to be inspected would be larger than the sensor range making it impossible to inspect. Nev-
ertheless a variation of this technique using coarsely sampled space carving technique can be applied. Supported in this
idea Schmid et al. (2012) introduced the DSM (Digital Surface Model), first the DSM is smoothed in two steps, then
equally spaced normals of the smoothed DSM (2.5D) are calculated and with the multi-stereo range the viewpoint is de-
fined. Using the camera angle range and an heuristic criteria some viewpoints are selected. Later the TSP is solved using
a Farthest-Insertion-Heuristic Rosenkrantz et al. (1974) algorithm.

Ellefsen et al. (2016) proposed one approach that select viewpoints at the same time as planning the path for this and a
genetic algorithm is applied. An important contribution of this work is consider that 100% coverage is not always possible
or desirable.

A view planning for shape reconstruction using a triangular mesh representation of the environment is proposed
by Bircher et al. (2015).

Ososinski and Labrosse (2014) presented an approach to estimate the visibility of a complex 3D environment from
viewpoints posed in a 2D plan. They use octomap to represent of the environment and set viewpoints in the nodes of grid
pose in a plane. For each viewpoint the visibility of each cell is estimate and then the visibility of all the cells seen from
the viewpoint is summed and divided for the number of faces of the full environment. To estimate the local visibility of a
cell is necessary to evaluate the six faces that compose that cell into a very time consuming process.

A based-model view planning was proposed for Floriani et al. (2017), this approach represent the environment using
octomap and makes an intensive use of the octree structures and raycasting techniques allowing a fast solution that
coverage more than 95.00% using a few thousands of points.

3. Proposed Approach

We are proposing a model-based view planning algorithm to inspect 3D complex structures while trying to optimize the
number of viewpoints that guarantee the largest visibility and finding the lowest-cost path that connects all the viewpoints
avoiding to collide with the a priori known model. As a result, we obtain a set of viewpoints, the path to be executed, and
an estimation of the coverage.

Our method can be organized in four main steps: (a) environment representation, (b) viewpoint selection, (c) viewpoint
sequence, and (d) final path computation.
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Figure 1. An octree model, where the blue cell is occupied. In the left, the volume representation and in the right the
corresponding tree. Figure extracted from Hormung Hornung et al. (2013).

Figure 2. Tree Structure environment represented using an Octomap.

3.1 Environment representation

Our environment is represented using an octree. An octree is a set of nodes, each one representing a cubic volume
(voxel or cell) which is recursively subdivided until reach a defined size or a number of pre-defined subdivisions, as shown
in Fig. 1. The Octomap implementation Hornung et al. (2013) of the octree was choose because has a compact size, a fast
computation and is well documented. Figure 2 shows a test environment that represents a subsea tree structure using an
octomap (or octree).

3.2 Viewpoint selection

In the proposed solution, first we have to generate samples (candidate viewpoints) and then select the best ones.
Initially a working area must be set, keeping inside all the region to be inspected, this task is performed by the user. In this
working area the candidate viewpoints are randomly generated. The number of candidates viewpoints is set by the user.

Analyzing the probabilistic completeness of the coverage sampling problem based on randomly viewpoints genera-
tion is possible to guarantee the complete coverage of the underwater structure under a minimum number of candidate
viewpoints (Englot, 2012).

During the candidate viewpoint generation phase, the points are evaluate and only those that accomplish this criteria
are considered as valid candidates: i) the viewpoint must be inside a free cell, ii) occupied cells must be visible from the
candidate viewpoint under sensors range criteria, and iii) the viewpoint is at a safest distance from any occupied cell. For
each candidate viewpoint not only its 3D position is stored but also a submap, which is an octomap that contains all the
cells visible from that position.

A viewpoint selection pseudo code is presented in Algorithm 1, where X is the number of random candidate view-
points (Floriani et al., 2017).

Algorithm 1 - Viewpoint
Input: Octomap
Output: Selected Viewpoints

1: Initialization :
2: N - Vector of Viewpoints
3: for N = 0 to X do
4: vp = random
5: if (vpoccupancy < 0.5) then
6: Raycasting from vp
7: ds = sqrt(vp2 − raycast2)
8: if ds > minrange && ds < maxrange then
9: vp is acceptable viewpoint

10: N ← N + vp
return N

Once all the candidates have been generated the best viewpoints, which means the viewpoints that add more informa-
tion about the model, are selected. We present and evaluate three different approaches to select the views.
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Figure 3. Face visibility from the viewpoint (yellow). Green are fully visible, Blue are partially visible and red are not
visible. Figure extracted from Ososinski and Labrosse (2014)

Figure 4. Incidence angle and distance affect the visibility Ososinski and Labrosse (2014)

3.2.1 Selection based on the number of visible nodes

The viewpoint with more visible nodes is selected, then the cells visible from this viewpoint are removed from the
submap of all other viewpoints and the process is repeated until there are no more candidates or the number of cells in the
submap for any remaining candidate viewpoint is below a threshold defined by the user.

3.2.2 Selection based on the local visibility

Another selection criteria is the global visibility proposed by Ososinski and Labrosse (2014) where he considers how
well a cell and each of it’s face is seen by the viewpoint. To obtain the visibility of a cell from the viewpoint first is verified
how well a face can be seen ( fully visible, partially visible or not visible), as shown in Fig. 3. It is measured how many
faces of a cell are visible, the distance and the angle between the viewpoint and each face of the cell, Fig. 4 shows the
influence of the incidence angle and distance in the visibility quality, where the lighter green shows a better visibility and
as the green became more dark the quality of the visibility became lower.

D(Vp, f) =
d(Vp, f)−Rmin

Rmax
(1)

, where D is the normalized distance between the viewpoint and the cell face, Rmin is the minimum sensor range and
Rmax is the maximum sensor range.

A(Vp, f) =
θ(Vp, f)− π

2
π
2

(2)

, where A is the normalized angle of incidence between the viewpoint and the cell face.

V (Vp, f) = 0.5 + 0.3xD(Vp, f) + 0.2xA(Vp, f) (3)

, where V (Vp, f) is the visibility of a face from the viewpoint (Vp). If the face is fully visible we use 0.5, if the face is
partially visible ( < 4 corners visible) we use 0.3 on the Eq. 3.

The global visibility (Eq. 4) for each viewpoint (Vp) is given by the normalized sum of the visibility of the faces (Eq.
3).

∧Vp∈SGv(S, F ) =
∑
f∈F

max(V (Vp, f))

|F |
(4)

In this approach is selected the viewpoint that has a larger value of global visibility then all visible cells are removed
from the submap of all other viewpoints and the process is repeated until there are no more candidates or the number of
cells in the submaps for any remaining candidate viewpoint is below a threshold defined by the user.
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3.3 Viewpoint sequence

Determine the optimum inspection sequence, which means the viewpoint sequence to be followed with a less cost,
is done by a Travel Salesman Problem (TSP) algorithm, which is a NP-complete, well-studied problem with many fast
solver algorithms Rosenkrantz et al. (1974); Golden et al. (1980); Reinelt (1994).

For the TSP, we are using the classic nearest neighbour approach which is an O(n2) algorithm Rosenkrantz et al.
(1974). This solver is enough for our necessities because we are dealing with a small number of viewpoints (i.e., below
100). To solve the TSP problem, first, the distance between the viewpoints are compute and stored on a cost matrix.
Two alternatives can be used here: use the euclidean distance between each pair of viewpoints or to compute a free path
between them using the RRT* (running time n2, where n is the number of viewpoints) which is a asymptotic optimal
variant of the Rapidly-exploring Random Tree (RRT) (LaValle and Kuffner Jr, 2001). RRT is a sampling-base algorithm
who builds a tree of collision-free vehicle configurations to find a collision-free path. Despite the more precise cost matrix
using RRT* the running time is not negligible. For this reason the euclidean distance are been used to generate the cost
matrix.

3.4 Final Path computation

The final path is build using the RRT* to connect the sequence of viewpoints produced by the nearest neighbor
approach (Karaman and Frazzoli, 2011). The a priori model/environment has been used to define the obstacles in the
environment. The RRT* has already been used in other view planning methods as Bircher et al. (2015) and underwater
applications Hernández et al. (2016). We have used the open motion planning library (OMPL) Sucan et al. (2012) which
has many state-of-the-art planning algorithms implemented.

The proposed algorithm output is a list of viewpoints x, y, z,min_yaw,max_yaw and the paths that connects them,
wheremin_yaw andmax_yaw define the arc, with respect to the north, in which the vehicle can see the object to inspect
once in the viewpoint x, y, z.

4. View planning algorithm evaluation

To evaluate the proposed approach various tests with different scenarios were done. We evaluate our approach with
the different methods to view selection in a simple environment composed of cubic blocks. Later the tests were performed
in more realistic and challenging scenarios.

For the tests we considered that our vehicle must keep a safety distance of 2 meters from a priori known model, the
acquisition sensor has been defined with a minimum range of 2 meters, a maximum range of 5 meters and a field of view
of 1200 degrees, with a ray every 2 degrees, mounted over a pan and tilt unit in which the pan angle is fixed but the tilt
can rotate from -90 to 45 degrees. Additionally Girona 500 AUV can rotate over itself.

4.1 Evaluation of the Viewpoint Selection

The viewpoint selection were evaluated in a simple environment composed of cubic blocks. Table 1 shows the results
obtained using each selection viewpoint approach, tree different results are shown, the number of visible nodes, time
consuming and the global visibility. As presented in Eq. 4 the global visibility consider the total number of faces, but
some of them are not possible to see, or because is pointed to inside the cube or because has a neighbour.

Table 1. Cubic Blocks - Tests

Num. of Cand. (3) Used Views Visible Cells Time Consuming (s) Global Visibility
Based on Vis Nodes (1) 10 7 1066 13.99 33.71%

Based on Loc Vis(2) 10 6 914 176.60 31.53%
Based on Vis Nodes (1) 20 9 1373 28.16 34.98 %

Based on Loc Vis(2) 20 9 1066 542.43 31.93 %
(1) Based on the number of visible nodes
(2) Based on the local visibility
(3) Number of Candidate Viewpoints

Figure 5 shows the local visibility using 10 candidate viewpoints for each selection approach. Is worth to note that for
each selected viewpoint the value of local visibility using the second approach is higher, but using the same stop criteria
this approach select a smaller number of viewpoints resulting in a lower global visibility, as shown in Tab. 1.

Another important parameter is the number of fully visible faces and the quality of this data (evaluate based on the
incidence angle and distance from the viewpoint to the face) using the submap of the viewpoint, since the global visibility
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Figure 5. Local visibility per selected view.

Figure 6. Tree structure.

take into account the full octomap. Table 2 shows the percentage of fully visible faces of the region seen by the viewpoint
and the visibility quality.

Table 2. Fully Visible and Quality

Based on Vis Nodes (1) Based on Loc Vis(2)

Vp1 63.98% of quality 0.36 63.98% of quality 0.36
Vp2 46.61% of quality 0.25 100% of quality 0.17
Vp3 68.43% of quality 0.42 74.40% of quality 0.26
Vp4 98.98% of quality 0.37 100% of quality 0.20
Vp5 82.63% of quality 0.22 64.38% of quality 0.20
Vp6 100% of quality 0.19 99.46% of quality 0.35
Vp7 83.33% of quality 0.25 -

(1) Selection based on the number of visible nodes
(2) Selection based on the local visibility

Analyzing Tab. 1, Tab. 2 and Fig. 5 is possible to see that use the local visibility to select the viewpoints produce better
viewpoints in terms of visibility as was expected, although a smaller volume is inspected.

4.2 Tree Structure

The first realistic scenario tested was a subsea tree structure commonly used in the oil and gas industry posed in the
sea-bottom (see the tree structure in Fig. 6. The test were performed with 500 candidates viewpoints, because for this
scenario more than 500 candidate viewpoints guarantee a coverage of more than 95.00% of the this structure (Floriani
et al., 2017).

To measure the coverage of the proposed algorithm, the algorithm have been executed using the nodes of a fine grid as
candidates viewpoint to know which will be, approximately, the maximum coverage that can be obtained in this scenario
with these conditions. It is worth noting that for a relatively small environment, like the one proposed here, this test
can be done despite it generates 295.245 valid candidate viewpoints. However, for a larger environment the number of
generated candidate viewpoints is intractable. On the other hand, this give us a ground truth to compare the proposed
random exploration at least for a particular scenario. The number of visible cells obtained in this test is considered the
maximum number of cells (i.e., 100% coverage) that can be seen in this scenario.

Figure 7 shows the tree structure, the viewpoints and the path to connect then to inspect the environment.
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Table 3. Tree Structure - Tests

Num. of Cand. Visible Cells Time Consuming (s) Global Visibility
Based on Vis Nodes (1) 500 999 100.65 32.17 %

Based on Loc Vis(2) 500 427 3196.49 25.20 %
(1) Based on the number of visible nodes
(2) Based on the local visibility

Figure 7. Path planned, viewpoints and structure visible cells.

5. Conclusions

This paper presented an off line viewpoint planning algorithm for underwater inspection of 3D complex structures and
environments with a strong 3D relief, moreover different selection viewpoints approaches have been tested. The algorithm
is able to find the minimum number of viewpoints and their positions to inspect and a path that connects them reducing
the navigation cost.

The view planning algorithm has been tested in different scenarios. Obtaining viewpoints and trajectories using a few
thousands of candidates views in short time producing high coverage results (i.e., greater than 95% for an appropriate
number of candidates according to the area to inspect).

The use of local visibility to select the viewpoints improve the quality of the seen cells, although this process consumes
much more time, since calculate the local visibility is a very time consuming. And keeping the same stop criteria (number
of visible cells) using the local visibility approach result in a lower global visibility.

As future works, we plan to optimize the local visibility approach to consume less time and CPU memory allowing
the use of this method for large environments with more candidate viewpoints.
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