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ABSTRACT This paper presents a novel semantics-aware inspection path planning paradigm called
“Semantics-aware Predictive Planning” (SPP). Industrial environments that require the inspection of specific
objects or structures (called “semantics”), such as ballast water tanks inside ships, often present structured
and repetitive spatial arrangements of the semantics of interest. Motivated by this, we first contribute
an algorithm that identifies spatially repeating patterns of semantics - exact or inexact - in a semantic
scene graph representation and makes predictions about the evolution of the graph in the unseen parts
of the environment using these patterns. Furthermore, two inspection path planning strategies, tailored to
ballast water tank inspection, that exploit these predictions are proposed. To assess the performance of the
novel predictive planning paradigm, both simulation and experimental evaluations are performed. First, we
conduct a simulation study comparing the method against relevant state-of-the-art techniques and further
present tests showing its ability to handle imperfect patterns. Second, we deploy our method onboard
a collision-tolerant aerial robot operating inside the ballast tanks of two real ships. The results, both in
simulation and field experiments, demonstrate significant improvement over the state-of-the-art in terms
of inspection time while maintaining equal or better semantic surface coverage. A set of videos describing
the different parts of the method and the field deployments are available at https://tinyurl.com/spp-videos.

The code for this work is made available at https://github.com/ntnu-arl/predictive_planning_ros.
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I. INTRODUCTION

In recent years, a spectrum of contributions has been made
in the domain of autonomous robotic exploration, mapping,
and inspection path planning [1], [2], [3], [4]. Accelerated
by this research, robotic systems have been successfully
deployed in a variety of environments including structured
industrial settings such as those found in the oil & gas
industry [5], [6], [7], [8], [9], [3], or unstructured natural
scenes [10] such as subterranean settings [11], [12], [13],
[11, [14], [2], [15], [16]. As more robots get deployed in
human-made environments, more complex tasks, such as
object search and inspection of specific structures, emerge.
We refer to the objects and structures relevant to a mission
as “semantics”. These new tasks require the robot to have
an object-level “semantic” understanding of its surroundings
and to be able to take action accordingly. As a result, the
robotics community has seen an increased interest in metric-
semantic representations of the environments [17], [18], [19],

[20] and semantics-aware path planning [21], [22], [23], [24],
[25].

Despite the increased interest and the progress in semantic
scene reasoning [26], [27], [28], the majority of the current
research in semantics-aware path planning either treats the
semantics individually - without accounting for the relations
between them - or only exploits the relations between
the semantics seen so far [22], [29], [30]. However, such
approaches do not account for the fact that especially in
industrial environments, semantics of essential importance
for inspection are not distributed arbitrarily but instead
present highly structured relationships among them. In par-
ticular, facilities like ship ballast water tanks present spatially
repeating patterns of the objects of interest (e.g., Figure 1).
This opens up the avenue to exploit the repeatable nature of
semantics to make predictions about the unseen parts of the
environment during an inspection mission and thus greatly
improve the efficiency and systematicity of such tasks.
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FIGURE 1. Instances of our collision-tolerant aerial robot inspecting and navigating in ballast tank environments using the proposed Semantics-aware
Predictive Planner. Additionally, the semantics of interest inside these environments are shown highlighting their spatially repeating arrangement. The
bottom center sub-figure shows an instance of pattern detection and graph prediction in the Semantic Scene Graph (SSG). It is on this prediction of
semantics that predictive planning, shown in the right two subfigures, takes place.

Motivated by the above, this paper presents a novel
semantic inspection paradigm called, “Semantics-aware Pre-
dictive Planning” (SPP), for inspection of the semantics of
interest in environments where repeatable object patterns
exist. The proposed method uses a dual environment rep-
resentation consisting of a) a volumetric map capturing the
geometry [31] and b) a Semantic Scene Graph (SSG) [32],
[33], [34]. Using this representation, first, an algorithm
to identify repeating patterns of semantics in the SSG is
presented. Second, a strategy to predict the evolution of the
SSG using the detected patterns is described. Finally, two
inspection path planning strategies, tailored to the inspection
of semantics inside ballast water tanks, are proposed that
exploit these predictions towards superior mission efficiency.
The source code of this paper is made available at: https:
//github.com/ntnu-arl/predictive_planning_ros.

In the simulation studies, the proposed planner is tested
and compared against state-of-the-art exploration and inspec-
tion path planning methods as benchmarks in a model of a
large ballast tank and a factory. The study demonstrates a
significant improvement (ranging from 25% to 60% depend-
ing on the method compared against) in the inspection time
with the use of the proposed strategies. Additionally, tests are
conducted in a model of a ballast tank containing imperfect
patterns to demonstrate the ability of the proposed method
to handle the case of missing semantics successfully.

Finally, the paper presents results from field deployments
in the ballast tanks of two oil tanker ships, with the method
integrated onboard a collision-tolerant aerial robot [35]. In
both ships, the two proposed planning approaches are tested
and compared. The robot is successfully able to navigate
in the ballast tanks in all the missions, build the SSG,
and complete the inspection of the semantics important
for inspection. The proposed planning approaches show an
improvement of up to 23% in the inspection time compared

to a semantics-aware “Baseline” that is not exploiting pre-
diction thus demonstrating the real-world applicability of
the method. Significantly improving the efficiency of such
inspection missions is essential, especially considering the
scale of such environments (often involving multiple ballast
compartments across levels) and the limited flight time of
the aerial robots that can be used in such deployments given
the narrow spaces that they have to navigate through.

The remainder of this paper is organized as follows:
Section II outlines related work, followed by the problem
formulation in Section III. The proposed approach for SSG
pattern prediction and predictive planning is detailed in
Sections IV and V respectively. Simulation studies are shown
in Section VI, while results from field tests are presented in
Section VII. Finally, conclusions are drawn in Section VIII.

Il. RELATED WORK

In recent years, there has been a boost in the research on
semantics perception. Several works have investigated the
problem of semantic segmentation [36], [37], [38], [39] and
their representation for planning in the form of an SSG or
metric-semantic maps [17], [18], [19], [20]. The authors
of [40] propose a framework for fine-grained semantic
mapping that supports open-set object queries both within
and beyond the depth-sensing range, by storing semantic
information within range using a voxel representation and
representing information beyond range as rays. [17], [18]
present a hierarchical semantic scene graph representation
that not only captures the objects and their relations in
the scene graph but also creates higher-level abstractions
by grouping them into predefined structures such as places,
rooms, and buildings. The authors of [19] propose an incre-
mental 3D scene graph generation method using a sequence
of RGBD sensor frames. [20] presents a multi-resolution
metric-semantic Truncated Signed Distance Field (TSDF)

VOLUME ,



IEEE Transactions on Field Robotics (T-FR) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-FR paper.

representation that allocates high-resolution submaps for se-
mantic objects and can achieve object-level consistency over
long time horizons. [41] presents an actionable hierarchical
scene representation where the levels are guided by the
proposed inspection and exploration planner. Despite the
progress, these methods do not provide the possibility to
detect patterns in the scene graphs or make predictions about
the unseen parts of the environment. Furthermore, hierar-
chical representations like [17] require predefined levels in
the hierarchy. Motivated by the above, an increased research
output can be seen in the use of semantic understanding in
the domain of path planning.

Among the early works in informative path planning, [21]
tackles the problem of object search by maintaining object-
object and object-scene co-occurrence probabilities in an
information map, which is then used for informative path
planning. The authors in [23] present an exploration path
planning strategy utilizing a semantic topometric map built
using structural semantics such as intersections, pathways,
etc. As semantics-aware informative path planning requires
a combined metric-semantic map. The work in [42] presents
a framework to handle multi-layered metric-semantic maps
along with its application in semantics-aware exploration
path planning.

In recent years, several works have proposed heuristic
functions to combine the exploration and semantic mapping
objectives. An information gain formulation based on en-
tropy change in the map, where each voxel’s contribution
to the entropy is weighted by it belonging to an object of
interest, is proposed in [43] for Next-Best-View (NBV) gen-
eration for the task of 3D reconstruction. The authors of [44]
propose an entropy-based function to score the information
gain of a pose based on visible semantic features and use
it in an NBV exploration path planning formulation. The
work in [22] proposes an objective function for viewpoint
evaluation combining the objectives of maximizing unknown
volume mapping, viewing all surfaces from a given distance
for object detection, and viewing all semantics at a different
maximum viewing distance. The authors of [45] present
an occupancy map encoding the probabilities of the voxels
belonging to a semantic class and exploit it in an NBV
exploration planning approach to explore and increase the
detection confidence of the semantics. Similarly, the effort
in [46] tackles the problem of semantic-object search and
mapping in unknown environment using the NBV approach
with a heuristic balancing exploration and semantic mapping
quality. Along these lines, [47] uses a similar heuristic with
a frontier-based exploration strategy. The authors in [48]
present a multi-layered object-centric volumetric map which
is then used to extract semantics-aware frontiers for ob-
ject centric mapping. Departing from heuristics combining
multiple objectives in an additive fashion, our previous
work in [29] presents a combined exploration and semantic
inspection strategy that utilizes distinct planning behaviors
for volumetric exploration, semantic surface reconstruction,
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and semantic inspection. The contribution in [24] presents
a data structure called the semantic belief behavior graph
that encodes behavior nodes for various semantics-aware
policies. The work in [49] presents a path planning algorithm
for Unmanned Aerial Vehicle (UAV) to map large areas
(e.g., agricultural fields) that adapts the paths to obtain
high-resolution semantic segmentations of areas of interest.
The authors of [50] detail a planning framework for active
learning in UAV-based semantic mapping. In addition to the
above single robot path planning works, the efforts in [51],
[52], [53] present collaborative path planning methods for
multi-robot semantics mapping.

Semantics-aware planning has also found its utility in
navigation tasks. The authors of [54] propose a path plan-
ning strategy for a robot using a vision-based localization
solution that aims to avoid areas leading to high localiza-
tion drift using semantically segmented images. The work
in [55] presents a RandLA-Net and KNN-based algorithm for
metric-semantic mapping and proposes a semantics-aware
A¥* algorithm that accounts for risks associated with the types
of obstacles. The local planner presented in [25] uses seman-
tic information to learn traversability for legged robots. Sim-
ilarly, [56] proposes a local planner for unmanned ground
vehicles using a metric-semantic traversability map. Further-
more, several works have focused on object goal navigation.
This task involves searching for an object belonging to a
given semantic class in an unknown environment. The effort
in [30] proposes a probabilistic planning framework that
utilizes a Relational Semantic Network trained to estimate
the probability of finding the target object within the spatial
elements of an SSG. Several learning-based approaches,
such as [57], [58], [59], [99], [60], [61], train models to
learn relationships between different semantic classes using
knowledge graphs or existing SSG datasets, to take actions
based on semantics seen in the vicinity of the robot. The
work in [62] utilizes SSG along with a Large Language
Model to perform online planning for tasks described in
natural language.

Beyond the above, this work also relates to the niche
community investigating the prediction of the unknown areas
of the map. The works in [63] and [64] propose strategies
to complete partial occupancy maps using learning-based
approaches. On the other hand, the contribution in [65]
presents work on map prediction beyond frontiers using
previously mapped environments. The above approaches
demonstrate the utility of the predicted maps for exploration
path planning. However, they do not exploit semantic in-
formation. Beyond pure geometric predictions, a plethora of
works has happened in semantic scene completion which
aims to fill in missing information in a semantic map such
as an SSG, occupancy map, or semantic mesh [66]. However,
these methods do not make predictions beyond filling in
missing information and do not present their use case in
path planning tasks.
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Compared to the current literature, this paper presents a
new paradigm called Semantics-aware Predictive Planning
(SPP) and contributes three main methodological contribu-
tions:

1) An algorithm is presented to find repeating patterns of
semantics in an SSG. Specifically, this work exploits
and extends the SUBDUE algorithm [67], to find sub-
graphs that have multiple instances - exact or inexact -
in an SSG indicating a repeating pattern of semantics.
The original work tackles the problem of finding
structural and relational patterns in data represented
as a graph. Key extensions to the SUBDUE algorithm
are made to improve the inexact pattern detection by
introducing a more accurate search strategy, and to
exploit the pose of the vertices in the SSG.

2) Using the detected patterns a strategy to find areas in
the SSG that can potentially extend to the detected
patterns is proposed.

3) The paper presents two predictive path planning al-
gorithms that exploit the developed SSG prediction
strategy for significantly improving the efficiency of
robot inspections. Without loss of generality regarding
the applicability of the pattern detection and graph
prediction process, the predictive inspection planning
methods are applied towards the task of visual inspec-
tion of ship ballast water tanks. The overall contribu-
tion is then extensively verified regarding its efficiency
both in simulation and field experiments.

An illustration of the components of this work is shown
in Figure 2. A video describing the proposed framework is
available here: https://youtu.be/uclj6VgthM8.

lll. PROBLEM FORMULATION

The overall problem considered in this work is that of
the inspection of the surfaces of a set © of semantics of
interest, distributed in an initially unknown volume V', using
a camera sensor V¢ —with Field of View (FoV) [FH, FY -
at a maximum viewing distance rc. The environment is
represented as a) a discrete occupancy map M, built using
the measurements from a depth sensor )Vp (FoV [Fg , FJ‘D/ 1,
max range 7p), consisting of cubical voxels m € M having
edge length p, and b) a Semantic Scene Graph G, where
each vertex v represents a semantic in the environment and
an edge e represents the relationship between the vertices
it connects. The part of M consisting of occupied voxels
seen by V¢ is referred to as the seen map and denoted by
M. Similarly, the part consisting of occupied voxels seen
by Vp and belonging to the semantics in © is referred to as
the semantic map and denoted by M. Given the above, the
problem at hand can be cast globally as that of seeing all
possible voxels m € Mg in V using V¢ within the required
viewing distance r¢.

Definition 1 (Residual Semantic Surface) Let = be the set
of all collision-free robot configurations, where a robot

configuration £ € = consists of the robot’s position [z, y, 2]
in 3D space and its yaw . Let E,, C = be the set of
configurations from which the semantic voxel m € Mg can
be seen by V. The residual semantic surface is then defined
as MTSES = UmEMS (m| E‘m = @)

Problem 1 (Semantic Inspection) Given a volume V and
an initial configuration &, = [z, Yo, 20,%0] € E find a
collision-free path ¢ that when traversed by the robot enables
inspection of each voxel m € Mg \ My using the camera
sensor Vc.

IV. SCENE GRAPH PATTERN PREDICTION

In the context of this paper, we tackle environments present-
ing spatially repeating patterns of the semantics of interest.
Importantly, the method does not assume perfect pattern
repetition and can tackle loosely matching patterns. A prime
example of such a setting is the ballast water tanks as shown
in Figure 1. This work aims to utilize these patterns to predict
the unknown parts of the environment, which can then be
used to improve the inspection path planning efficiency.

To enable the above, an efficient pattern detection method-
ology is needed that is robust to imperfect patterns. To this
end, the semantics relevant to the mission are represented
as an SSG and a graph pattern detection algorithm, built on
top of a graph-based knowledge discovery algorithm called
SUBDUE [67], is proposed. A pattern in an SSG is defined
as a subgraph that has multiple instances in the given SSG.
We present key modifications to SUBDUE for a) improving
the inexact pattern detection by introducing a more accurate
graph search technique and b) exploiting the pose of the
vertices of the SSG.

Utilizing the detected patterns, a strategy to extend the
SSG in unknown parts of the environment is presented. We
define a set of classes, such as doors, windows, and manholes
inside ballast tanks, as Entry Classes (ECs). The vertices
in the SSG belonging to ECs, called Entry Vertices (EVs),
are used as anchor points for graph extension. The method
aims to find EVs that do not belong to a pattern and can
extend to one of the detected patterns.

A. Semantic Scene Graphs (SSG)

In this work, an SSG is defined as a directed graph G, with
its vertex and edge sets V), £ respectively, whose vertices
represent semantics present in the environment and the edges
represent relations between them. Each vertex v € V has a
label +(v) indicating the class of the corresponding semantic.
Similarly, each edge e € &£ has a label ((e) stating the
relation between the two vertices it connects. As a vertex
represents an object in 3D space, it has a pose associated with
it given by x(v) = [p,, R,], where p, = [z, y, 2] is the 3D
position of the geometric center of the object and R, is the
rotation matrix representing the orientation of the object in
an inertial frame w. Additionally, each vertex has a cuboidal
bounding box b(r) encompassing the object represented by
v.
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FIGURE 2. This figure shows the various components of the proposed method and their interaction. The semantics in the environment are represented
as a Semantic Scene Graph (SSG). The SSG pattern detection module aims to identify patterns in the SSG, which are then used by the graph prediction
module to extend the scene graph into unknown space. The predicted semantic locations are used by the two proposed predictive planning algorithms
to improve inspection efficiency. A video describing the proposed framework is available here: https://youtu.be/uc1j6VgthM8.

B. SSG Pattern Detection - Overview
A pattern in an SSG G is defined as a subgraph S (also
referred to as a substructure) that has multiple instances
in G. To find such substructures, we use and extend the
SUBDUE algorithm [67] designed for discovering structural
patterns in graph representations of data. SUBDUE uses the
Minimum Description Length (MDL) principle to identify
a substructure S that maximizes the compression of the
original graph G. The compression is achieved by replacing
each instance of the substructure with a single vertex. This
process of substructure search and graph compression can
be iteratively repeated to form a hierarchical representation
H (as shown in Figure 1) where each level I includes the
compressed graph G''I8" and the identified substructure S.
Throughout the paper, when we refer to the compressed
version of a graph G created using a substructure S without
referring to its level in the hierarchy, it is denoted as GS,
To tackle minor discrepancies between instances of sub-
structures, SUBDUE uses inexact graph-matching techniques
to search for substructures whose instances are inexact
isomorphs. Contrary to the exact graph-matching algorithms
that return a Boolean value stating whether the two graphs
under consideration are isomorphs, inexact graph-matching
algorithms return a dissimilarity value (hereafter referred to
as graph-matching cost) between the two graphs. This work
uses the inexact graph-matching algorithm described in [67].
First, we briefly summarize the SUBDUE algorithm from
the original paper [67], followed by detailed descriptions of
the modifications done in this work. Algorithm 1 details
the steps. We provide a detailed video description of the
SSG pattern detection algorithm, including our modifications
at https://youtu.be/WrqQu67gz11. Let V, £ be the vertex
and edge sets of G, respectively. The algorithm begins by
creating a priority queue ¢ having the vertices v € 1V with
unique label as the initial set of substructures. The priority
of a substructure S in ¢ is the compression value I'(G,S),
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and the elements in the queue are sorted in ascending order.
Therefore the first element ¢[1] of ¢ has the lowest " and
represents the substructure that provides the most amount
of graph compression. The compression value I'(G, S) of a
substructure S for compressing the graph G resulting in the
compressed graph Gl is defined as:

DL(S) + DL(G'IS)
DL(G) ’

where DL(S), DL(G'®), and DL(G) are the Description
Lengths of the substructure, the compressed graph, and the
original graph respectively. In this work, the Description
Length of a graph is defined as the sum of the number of
vertices and edges in the graph.

In each iteration of the algorithm, every instance I} € Zs
(Zs is the set of instances of S) of each substructure S € ¢
is expanded in all possible ways by a single edge and
the corresponding vertex, and the extended instances are
regrouped into sets of inexact isomorphs to form the new
set of substructures S.,; (line 7: ExtendSubstruct). The
compression value I' is calculated for each substructure
(using the function Evaluate) and the substructure is added
to another priority queue @ne,. Only the first v, > 0
number of substructures in gy, are retained using the mod
operator for computational tractability. If T'(G, gpew([1]) <
(G, Spest), where Spest is the substructure providing the
lowest compression value found so far and ¢y, [1] is the first
element of ¢pey, then Spes is updated to be Gpew(1]. The
old priority queue q is replaced by the truncated ¢, and
the process is repeated until either ¢ is empty or a maximum
user-defined number of iterations ~y; are carried out.

To use SUBDUE effectively in the presented work, key
feature additions and improvements are necessary. First,
despite the inexact graph-matching formulation, the vanilla
SUBDUE algorithm had difficulties identifying inexact pat-
terns in sparse graphs presenting a high degree of imper-
fections (up to 31.25% of instances having imperfection)

I'(G,S) = M
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Algorithm 1 SUBDUE Substructure Discovery
1: function SUBDUE(G, 74, 1)

2: q < {v € V|v has unique label}

3: Sbest <~ Q[l]

4 while ¢ # () and ; > 0 do

5: Gnew < {}

6: for all S € qdo

7 Sext + ExtendSubstruct(S, G)
8 Evaluate(S,.;)

9: Qnew < (Qnew USezt) mod b
10: Y7 —1

11: if I'(G, gnew[l]) < T'(G, Spest) then
12: Sbest <~ Qnew[l]

13: q < Qnew

14: return Spest

in our study, as highlighted in Section VI.B. This is due
to the greedy graph search used to find inexact patterns.
Furthermore, while calculating the graph-matching cost,
SUBDUE treats all vertices equally. However, a mismatch at
a vertex having a higher degree in the graph generally implies
a higher dissimilarity between the two graphs. Second,
SUBDUE does not provide a way to utilize the vertex pose
x(v) in the graph-matching procedure. This is particularly
important for SSGs as the vertices represent objects in 3D
space.

To tackle these shortcomings, this work presents the
following key modifications to the SUBDUE algorithm for
substructure discovery:

1) Improvements in the ExtendSubstruct method: The
extended substructure instance regrouping strategy in-
side the ExtendSubstruct function is improved by
using a more accurate search as opposed to the original
greedy search (more details in Section IV.C).

2) Modifications to Inexact-Graph Matching:

a) Since the proposed methods work with SSG
representing objects in 3D space, an application
not considered in the original work on SUBDUE,
the pose x(v) of vertex v is used in the inexact
graph-matching algorithm.

b) Given two graphs, the inexact graph-matching al-
gorithm returns a cost relating to the transforma-
tions required to make them isomorphic. We scale
the costs of each transformation by the degree
of the vertices involved in the transformation to
penalize discrepancies at vertices having a higher
degree.

C. Modifications to SUBDUE

1) Improvements in ExtendSubstruct method

The ExtendSubstruct is an important function in the SUB-
DUE algorithm as it performs the key operations of extend-
ing and regrouping the substructures to form the new set of

substructures. We first describe the modified version of the
ExtendSubstruct method which is detailed in Algorithm 2.
The method extends each instance I{ € Zg by a single
edge e (and the end vertex if not already in I%) in all
possible ways to form the set of extended subgraphs J (lines
4 —9). Let Lg be the set of all Jj corresponding to S. The
algorithm iteratively searches through the subgraphs in the
sets J% € L to find the inexact isomorphs and group them
together. In each iteration, the first subgraph, denoted by I,
in the first non-empty set J% € Ls is selected and added to
the new substructure S (line 14). Next, the graph-matching
cost t between I, and each element I, of the remaining
sets 3%, j # 1 is calculated. The inexact graph-matching
algorithm (with modifications mentioned above) described
in [67] is used in this work. The element I, with the lowest
cost tie s from each set JL e Ls,j # i is selected, removed
from JZ, and added to Sy if ¢}, < tinr (Where ty, is a
user defined maximum allowed graph-matching cost). This
process is repeated until Lg is empty.

The original implementation of SUBDUE! performs the
subgraph grouping differently. Figure 3 compares the origi-
nal and modified approach at one instance of the algorithm.
Note that the extended subgraphs of all instances of the
substructure under consideration are not shown in the figure
for clarity of visualization. We will briefly explain the
original implementation with the help of the example in
Figure 3. Note that vertices shown in the same color belong
to the same semantic class. The original approach does not
maintain the subgraph sets J% according to the instances of
S. Instead, all extended subgraphs are added to the same
set £&. The method starts with the first element I} € £g
and adds it to S; (subgraph ‘(a)’ in Figure 3). The graph-
matching cost ¢ is calculated between I, and the first element
in £§ that does not overlap with any element of S, which
in this example is subgraph ‘(d)’. If ¢ < t;,, subgraph
‘(d)’ is added to S.. The algorithm continues to find the
next element not overlapping with any element of S,.. Note
that in this example, the subgraph‘(e)’ is overlapping with
‘(d)” and hence will not be evaluated even though it is an
exact isomorph of ‘(a)’. This is contrary to the result in
the modified approach (Figure 3: Modified Approach) which
correctly groups ‘(a)’ and ‘(e)’ together. Once the entire £
is parsed, Sy is added to S.,: and the process is repeated
with the next element in £§ (in this example ‘(b)’ in Iteration
2).

2) Modifications to Inexact Graph Matching

For two graphs Gy and Go, the problem of inexact graph
matching is that of finding a mapping f : V; +—
Vs [J{A} —where V1, V5 are the vertex sets of graphs G1, Go
respectively— that minimizes a cost function Cy,; relating to
the transformations required to make Gy and G, isomorphs.
If n(Vy) # n(V,), where n(A) denotes the number of

Thttps://ailab.wsu.edu/subdue/software/subdue-5.2.2.zip
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FIGURE 3. This figure shows the improvement made to the ExtendSubstruct method through an example. Vertices shown in the same color belong to
the same semantic class. During the extended instance regrouping step, the modified approach calculates the graph-matching cost between the
selected instance and all other instances that can be its isomorphs and selects the best among them. On the other hand, the original algorithm selects
the first non-overlapping instance, whose graph-matching cost is within the threshold, and adds it to the substructure group. This can result in an
incorrect grouping as shown. However, due to the more accurate grouping approach, the modified algorithm can find the correct groupings.

elements in a set A, G; and G, are selected such that
n(V1) > n(V2) and the unmapped vertices from V) are
mapped to a virtual vertex \ (called the null vertex). A total
of 7 transformations are considered in this work, namely,
the addition/deletion of a vertex, the addition/deletion of
an edge, changing the label of a vertex or an edge, and
changing the relative pose of a vertex. It is noted that the
original inexact graph-matching algorithm in [67] does not
consider the vertex pose x(v). However, since this work
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operates on SSG with vertices having pose information, this
transformation has been added. The mapping f is obtained
through a tree search procedure as detailed in [67]. Since
our contributions relate to the cost calculation, we refer the
readers to the original paper [67] for further details on the
algorithm to obtain the mapping f.

The cost calculation is split into two parts. First, the cost
related to the change in the relative pose of the vertices,
referred to as the pose cost C'p, and second, the cost related
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Algorithm 2 Extend Substructures
1: function EXTENDSUBSTRUCT(G, S)

2: Sezt ~0

3 L« 0

4 for all I{ € Zs do

5: JE 0

6: for all e € £ | e is neighboring I do
7: [, « ExtendByEdge(e, I, G)
8: 3L+ JL L

9: ﬁg — ﬁg U :ié

10: while Lg # () do

11: J& < PopFront(Ls)

12: while J% # () do

13: I < PopFront(J%)

14: S+ — {H+}

15: for all 32 € Ls,j # i do

16: t oo < e

17: L. 0

18: for all I’ c jé do

19: t +— GraphMatchingCost(I’, ,1;)
20: if t <], then

21: t <t

22: L. < I

23 S+ = $+ Uﬂiest

24: jé « jé \ Hiest

25: Sewt <— Sewt U S+

26: return S.z¢

to the remaining transformations, denoted by Cr. The total
cost Cy,¢ is then defined as:

Ciot = Cp +Cgr 2)

Modification a) Calculation of Pose Cost Cp: To cal-
culate Cp, two point sets P; and Py corresponding to the
positions of the vertices in V; and Vs, respectively, excluding
those mapped to A, are created. A rigid 3D transform 75 ;
is calculated to align P to P;, with the mappings in f
as the correspondences, by solving the point set registration
problem. Next, P, is transformed using 75 ; to get the point
set Py ;1 that is aligned with P;. Then the pose cost Cp of
f is calculated as:

d(vi, f)
Cp = 7 WEVI%(:W)#)\ Tdoe (3)
0, if [py; = Ps;)| < dmin
d(vi, f) = [Pv; = Psyls i dmin < [Py; = Pry;)| < dmax
dmax; if dmax < [Py; — Ps(uy)]
where p,, is the point in P; corresponding to vertex

vi € V1 and py(,,) is the point in set Py 1 corresponding
to the vertex f(v;) € V2|J{A} which v; is mapped to.
vp > 0 is a tunable weight for the pose cost. As real

SSG may contain noisy data causing the relative positions
of the vertices across instances of the substructure to not
be identical, a cost is added only if |p,, — Pr:)| = dumin
where dp,i, is a user-defined threshold. Similarly, a constant
value dax is assigned to d(v;, f) for all mappings satisfying
|pl/i - pf(ul)‘ > dmax-

Modification b) Calculation of Cr and Cost Scaling
based on Vertex Degree: Each transformation type 7% k =
1...6, except changing the relative pose of a vertex, is
assigned a user-defined fixed cost called the transformation
cost ¢,«. To make the graphs Gy and G» isomorphs, the ver-
tices, and the edges connecting them, in each pair v;, f(v;)
in the mapping f might need to undergo one of the above
transformations. This results in a cost C'r(v;) associated with
the mapping of each vertex v;.

Let C.»(v;, f(v;)) be a function that returns a boolean
stating if the mapping of vertex v; € V; to the corresponding
vertex f(v;) € Vo |J{A}, requires the transformation 7% for
the G1, G to be isomorphs. The cost Cr(v;) of the mapping
of vertex v; is then defined as:

6

Cr(vi) = Y eouCrr(vi, f(vi)) @)

k=1

In the original SUBDUE algorithm, the total cost of a
mapping f resulting from the above transformations is the
sum of the costs Cp(v;)Vy; € V;. However, an incorrect
mapping at a vertex having higher degree in the graph im-
plies a higher discrepancy. Hence, each cost Cr(v;) is scaled
with a parameter, 7, ;, related to the degrees of the vertices
vi, f(v;). This parameter is defined as v4; = 1 + m:’ax,
where 7 is the highest degree among v;, f(v;) and Myax 18
the highest degree of any vertex in G; and Gy. Therefore,
the cost Cr is calculated as

Cr= > va:Cr(vi) ®)
I/L'EV1

Figure 4 shows an example of the cost calculation.

D. Scene Graph Prediction using Patterns
The aim of graph prediction is to identify areas in the SSG
that can extend to one of the identified patterns. To this end,
the proposed approach utilizes vertices whose labels belong
to specific classes, hereafter referred to as ‘ECs’, as anchor
points for graph extension. These classes correspond to
objects such as manholes in ballast tanks, doors or windows
in a building, etc. The vertices having their label as an
Entry Class (EC) are referred to as Entry Vertices ¥°. The
algorithm operates on each level of the hierarchy whose
corresponding substructure contains at least one ©¥°. The
algorithm attempts to find ¢ where the substructure can
fit with no overlap between vertices of different classes and
maximum overlap between vertices of the same classes.
The graph prediction takes place in two steps. First, in
the graphs in each level of the hierarchical structure, extra
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(e) (a) (1)
Mapping:
(a) - (1)
o
Q) -
@ “ (d - (4
(e) - A
(b) (c) (d) (3)
Gl GZ
(e) (a) Mapping | Cr n Va
(a)-(1) 0 4 1.75
(b) - (2) 0 2 1.5
(c)-(3) 0 3 1.75
(d) - (4) Cr1 2 1.5
@1 d> (e)- A Cr2 1 1.25
Cp=7p(di +dy) Cr=15¢c1+1.25¢2
(o) (c) (@) Ciot = Cp + Cr

Graphs aligned using T
P 9 S c1: label mismatch cost

cr2: vertex addition cost

FIGURE 4. This figure shows an example of the graph-matching cost
calculation between two graphs for a given mapping f. Vertices shown in
the same color belong to the same semantic class. The mapping f is
shown in the top right corner. The transformations involved in this
mapping are: label mismatch ((d) - (4)) and vertex addition ((e) - \). Each
cost Cr(v;) for vertex v; € V1, V; is the set of vertices of G4, is scaled
by the factor ~, ; related to the degree of the relevant vertices.

vertices called Complementary Entry Vertices ¥ are added
corresponding to each ©¥°. ¢ have the same label and
pose as the corresponding ¥°. The ¢ addition process is
illustrated in Figure 5. Only the levels that have substructures
containing ¥¢ are considered for graph prediction. Second,
the algorithm attempts to fit the substructure at one of the
¥¢ or ¥°. This process is illustrated in Figure 6. A detailed
video description of the graph prediction is available at
https://youtu.be/b6-3C_rKdiY.

1) Complementary Entry Vertex Addition

The subsequent section details the process of ¥¢ addition for
one level using the example in Figure 5. In ‘Step 1°, if an
instance Is of substructure S contains a ¢, a ¥¢ is added
at the same pose but not included in Is (e.g., ‘(2)-(2)’, ‘(6)-
(6) in Figure 5). The edges connected to that 9¢ that are
part of Is remain connected to ¥°. The remaining edges are
connected to 9°. An edge is added between ¥¢ and ¥°. This
process is repeated for each 9¢ in all Is € S in that level. It
is highlighted that the position of the ¥¢ and 9¢ are different
in Figure 5 only for visualization clarity. In ‘Step 2’, for any
instance [g that connects to a ¢ that is not part of it such
that the neighbor of that ¥ inside I is not a 9° (e.g., vertex
“(10)’), a ¥¢ is added inside Is in the same way as described
above. In ‘Step 3’, for any instance Is that connects to a 9°
that is not part of it such that its neighbor inside Is is not a
9¢ (e.g., vertex ‘(4)’ connecting to ‘(6)’), this 9¢ is included
into Is (e.g., ‘(6)’ is included in Hg). The graph resulting
from the above modification is referred to as the Modified
Graph G'.
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2) Graph Prediction

Once the graph modification is done, ¥¢ and ¢ in G’
not part of any instance of a substructure are selected as
potential vertices that can extend to one of the substructures.
These vertices are referred to as Loose Entry Vertices ©¢
or Loose Complementary Entry Vertices 9. We now
explain the procedure to select the best “9J¢ in the graph for
extension. The procedure is described only for ©19¢ as the
procedure for 19 is identical. For a level I - with the graph
G and the corresponding substructure S - of the hierarchical
representation H, let V¢ be the set of all “9¢ in G and
V§ be the set of all ¥¢ in S. Each vertex “9$ € *V¢ is
checked if it can be extended to S by calculating an overlap
score. For each 9§ € V§, the ¥5g and "0 are aligned
by setting x(J7g) = X(L19§) and the remaining vertices
in S are transformed accordingly. The overlap between the
bounding boxes of the transformed vertices of S with those
of the vertices in G is computed. For each bounding box
b(vgs),vks € Vs, where Vs is the set of vertices of S,
overlapping with a vertex in G having the same label as
Vi.s, the overlap score for 19?75 is increased by 1. However,
if it overlaps with a vertex that is part of an instance of a
substructure or has a different label, this candidate is rejected
and the process is continued with the next ¥ . The 7 5 with
the highest overlap score is the prediction candidate for © V5.
This process is repeated and the best prediction candidate
for each “9¢ is calculated. The candidates having the top
o percentage of overlap scores are kept and returned as the
graph prediction.

Figure 6 illustrates an example of the process of overlap
checking for “9¢. The modified graph in Figure 5 is used
in this example. Two loose vertices, ‘(2)’ (a “9¢) and ‘(10)’
(a L9°), exist in the graph. The substructure ‘P1’ has both
an ¢ and a 9¥°. Hence both of these locations are possible
candidates that can extend to ‘P1’. In subfigure 1 (top right),
the algorithm tries to extend the graph through ‘(2)’ but the
bounding box of one of the vertices of the predicted subgraph
graph overlaps with vertex ‘(1)’ which does not have the
same class. Hence, this prediction is rejected. The algorithm
then tries at vertex ‘(10)’. Here we see no incorrect overlap
and this prediction is selected.

V. PREDICTIVE PLANNING

Without loss of generality regarding the concept of SSG,
the detection of patterns and their exploitation in planning,
this work focuses on ballast tanks inside ships. Ballast tanks
represent industrial environments of great importance and
present clear repeating patterns in the semantics of interest
such as their longitudinal structures as shown in Figure 1.
Functionality-wise, ballast tanks are filled with water to
adjust the buoyancy of the ship. Due to constant exposure
to salt water, the tanks need to be inspected regularly for
corrosion, cracks, and deformation. Specific structures, such
as longitudinals, inside the ballast tanks are more important
for inspection. The ballast tanks are divided into multiple
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FIGURE 5. This figure shows the steps involved in the modification of the SSG for graph prediction. Vertices having the same color have the same
semantic label. The process inserts additional vertices called Complementary Entry Vertices 9° for each Entry Vertex ¥¢. The three steps involved in

this process are illustrated along with the final modified graph G’.
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FIGURE 6. This figure shows an example of the graph prediction process using the detected patterns. The method uses the “ ¢ and 3¢ in the
modified graph G’ to find the vertex which can extend to the substructure with no overlap between vertices of different classes and maximum overlap
between vertices of the same classes. The overlap check at the two candidate vertices is shown in the figure.

levels with each level consisting of a number of compart-
ments often connected by very narrow openings (as narrow
as 0.6m x 0.4m) called manholes. In this work, we tackle
the problem of autonomous inspection the longitudinals. As
Figure 1 shows, the longitudinals form a spatially repeating
pattern across the ballast tank compartments.

Motivated by the above, we first present an SSG gen-
eration method to represent the longitudinals and other
semantics in the ballast tank as a scene graph. Second, a
volumetric exploration and inspection strategy is presented
for inspecting the longitudinals in the ballast tank. Finally,
we describe two approaches that exploit the predicted ex-
tensions of the scene graph to make the inspection planning
more efficient.

A. Ballast Tank Scene Graph Generation

In this work, we include the following semantics in the scene
graphs: 1) longitudinals, 2) walls, 3) compartments, and 4)
manholes. The segmentation happens on the point cloud P
from a 3D LiDAR sensor. In this work, the manhole is
considered as the ‘Entry Class’. Figure 7 shows the different
steps in the SSG generation procedure.

1) Wall Segmentation

For each point cloud P, the four largest (based on the
number of points) vertical planes, hereafter referred to as
wall planes, are segmented using the RANSAC algorithm.
The normal of the plane is set to point towards the current
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robot location. Each newly detected wall plane P;,2 =1...4
is checked against all elements of the set W of previously
detected walls to find a wall W; € W that satisfies the
following criteria: a) is coplanar to P;, b) has its normal
pointing in the same direction, and c) has its centroid on the
same side of all walls W; € W,j # i as the centroid of
the point cloud belonging to P;. If such a wall is found, the
point clouds of this wall and P; are combined, sub-sampled
to a desired resolution, the new centroid is calculated, and
the detection count for that wall is incremented. Otherwise,
a new wall entry is added to V. When the detection count
of a wall goes above a threshold nt%,, a new vertex is added
to the SSG at the location of the centroid of the wall with
its orientation along the normal of the plane of the wall.

2) Compartment Segmentation

A compartment is defined as the cuboidal volume between
the four wall planes detected during the wall segmentation
step. The position of the compartment is set to be the
centroid of the centroids of these four planes. Similar to
the wall segmentation, the detected compartment locations
are tracked and stored in a set Q. The algorithm attempts to
find a compartment whose position is on the same side of all
walls in W as the newly detected compartment Q. If such a
compartment is found, its position is updated to be the mean
of its current position and the position of Q, and its detection
count is incremented. Else, a new compartment entry is
added to Q. When the detection count of a compartment
goes above a threshold ngw, a new vertex is added to the
SSG. Once a compartment vertex is added, edges are added
between it and the wall vertices whose centroids and the
compartment’s position lie on the same side of all other walls
in W.

3) Longitudinal Segmentation

It can be seen from Figure 1 that the longitudinals are always
attached to walls and are parallel to each other. Exploiting
these facts, longitudinal segmentation takes place only in the
part of P close to the detected walls. First, the points P}
from the input P that lie within a distance d,, from the
planes P;,i = 1...4 are extracted. A set L; of parallel lines
is segmented out from each P} as candidate longitudinals.
Each longitudinal is characterized by the equation of the line
corresponding to it and the centroid of the points belonging
to the line. The equations of the newly detected lines L; are
compared against that of the longitudinals L; in the set £
of previously detected longitudinals. For a line I¥ € L;, the
algorithm attempts to find a longitudinal with a matching
line equation and its centroid lying on the same side of all
walls in W as the centroid of [¥. If such a longitudinal is
found, its centroid is updated to be the mean of its current
centroid and the centroid of ¥, and its detection count is
incremented. Else, a new longitudinal entry is created. When
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the detection count of a longitudinal goes above a threshold
nL  (atunable parameter), a new vertex is added to the SSG,
and an edge is added between it and the corresponding wall.

4) Manhole Segmentation

We utilize the work from [68] for manhole segmentation.
Once a manhole is detected, a new vertex is added to the
graph and an edge is added between it and the closest two
compartment vertices.

Wall Segmentation Points Close to Wall

Longitudinal Segmentation Scene Graph Generation

Al Manhole

Compartment

FIGURE 7. Figure showing different steps in the SSG generation in real
data. The top four subfigures show the data from one LiDAR scan
showing the extracted wall planes, part of the point cloud close to the wall
planes, lines extracted within this point cloud, and the current state of the
SSG. The subfigure on the bottom shows the final SSG and map at the
end of the mission.

B. Predictive Planner Overview

As the ballast tank is divided into multiple compartments, the
planner tackles the problem of exploration and longitudinal
inspection one compartment at a time. The planner starts
with no information about the ballast tank except the number
of compartments to inspect. It operates in three planning
modes namely Volumetric Exploration (VE), Semantic In-
spection (SI), and Predictive Planning (PP). At the beginning
of the mission, the planner starts in the VE mode, which aims
to map the entire compartment the robot is currently in with
Yp. Upon completion, the SI mode calculates viewpoints
and paths to view the part of Mg within that compartment
with Ve at a distance r¢. Note that the semantic segmenta-
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tion and scene graph generation is taking place in real-time
during the entire mission.

After all detected longitudinals in the current compartment
are inspected, the pattern detection and graph prediction
steps (described in Section IV) are triggered. If a successful
prediction is made and a feasible path - calculated using the
method described in [68] - for traversing the manhole (the
entry vertex) used for prediction exists, the robot is com-
manded to go through this manhole. Otherwise, the robot is
guided to traverse through the closest untraversed manhole.
In the first case, the PP mode is triggered which utilizes
the predicted longitudinal locations to improve the explo-
ration and inspection efficiency. We present two approaches
(hereafter referred to as submodes) for this mode. The first
approach called Assisted Exploration (PP-AE), guides the
robot towards predicted longitudinal locations as the robot
goes through the manhole used for prediction. The second
approach called Opportunistic Inspection (PP-OI), utilizes
the viewpoint sequence (hereafter referred to as predicted
path) from the SI mode in previous compartments and fol-
lows the same sequence (with necessary collision-free path
planning) as long as the longitudinal corresponding to the
viewpoints in the sequence are detected. The flow diagram
of the planner is presented in Figure 8 and a detailed video
description is available at https://youtu.be/XDTPodpD4SE.
The subsequent subsections detail each planning mode.

C. Volumetric Exploration (VE)

In this paper, we use our previous open-sourced work on
Graph-based Exploration Path Planning [1], [13], called
GBPlanner, for the VE mode. GBPlanner operates in a
bifurcated local-global planning architecture, where the local
planner is responsible for providing efficient, collision-free
paths for mapping unknown space within a local volume
around the robot. On the other had, the global planner is used
to reposition the robot to frontiers of unexplored space when
the local planner is unable to provide informative paths,
as well as provide return-to-home functionality when the
robot’s battery reaches its endurance limit.

The VE mode utilizes the local planner of GBPlanner. In
each exploration iteration, the planner builds a 3D collision-
free graph Gy g within a local volume around the robot.
Next, an information gain Yy g(v;) called Volume Gain is
calculated for each vertex v;,j = 1...8 (8 is the number
of vertices in Gy g) in Gy g that relates to the amount
of unknown volume the robot would see if it was at v;.
The algorithm then calculates the shortest paths o; from the
vertex v corresponding to the current robot location to each
vertex v; in Gy g using Dijkstra’s algorithm and computes
the accumulated Exploration Gain Ay g(o;) for each path
o; as:

Bj
Avi(oj) = e ¢Z0000) 3y p(vy)e #PEvi), ©)

=1
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FIGURE 8. Figure showing the flow diagram of the predictive planner.

Here, D(v1,v;) is length of the shortest path from 17 to v;
along Gy g. The function Z(0;,0.) calculates a similarity
metric between the path o; and a straight line path o,
along the current exploration direction having the same
length penalizing a change in the exploration direction. The
constants ¢ > 0 and p > 0 are tunable parameters, and §; is
the number of vertices in 0. The path oy, with the highest
Exploration Gain is selected and executed by the robot. Upon
completion, the process is repeated until Ty g of all the
vertices in Gy  is below a user defined threshold Ty g min at
which point the volumetric exploration is complete. Instead
of switching to the global planning mode, the planner then
switches to the SI mode for inspection of the semantics.

D. Semantic Inspection (Sl)

The SI mode aims to find viewpoints and paths to view
the voxels in Mg with the camera sensor ). Given the
maximum viewing distance r¢c and the FoV of Yo as
[FH, FY] radians the viewpoint calculation procedure is as
follows. For a longitudinal L, let a = [d, d],d},pZ, p¥, p?]
be the coefficients representing the equation of the line [
corresponding L. The unit vector d; = [d}, d}, d}] represents
the direction of the line and the point p. = [p¥,pY,p?] is
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FIGURE 9. This figure illustrates the steps involved in the Semantic
Inspection mode. The planner calculates uniformly distributed viewpoints
along each longitudinal respecting the FoV and max range constraints of
Yc. A collision-free graph is built connecting the viewpoints and a tour
passing through all viewpoints is calculated. Both of these steps are
shown in the bottom two subfigures.

a point on the line in the inertial frame of reference. In
this work, p. is selected to be the centroid of the point
cloud corresponding to the longitudinal. Let d,, be the unit
vector orthogonal to d; pointing along the normal of the
wall to which L is attached to. Let p.; and p.2 be the
two endpoints of the longitudinal - both lying on [; - such
that d; points from p.; to pe2. The planner selects equally
. . . FH
spaced viewpoints along [, at a distance 7¢ cos(=5-) from
it as shown in Figure 9. The number of viewpoints n is
given by n = (é], where ¢ = |pe2 — Pe1]| is the length

of the longitudinal and ¢, = 2r¢ sin(g) is the length of
the section of the longitudinal that a viewpoint will see such
that the farthest point viewed is at a distance r¢. Then the
position of the viewpoint v;,¢ = 1...n is calculated as

(20 —1)¢ FH

Vi = Pe1 + ’d; +rc cos(TC)dn (N

The heading of the viewpoints is set to be along —d,,.
The viewpoints that don’t view any unseen parts of Mg or
have overlap with other viewpoints are removed. Once the
viewpoints for all longitudinals are calculated, the planner
attempts to connect them and the current robot location using
collision-free straight line edges to form a graph Gg;. If any
viewpoints are not connected to the graph, extra points are
uniformly sampled in the free space to connect the remaining
viewpoints to Ggr. Next, the tour oy, visiting all viewpoints
is calculated by solving the Travelling Salesman Problem
(TSP) using the Lin-Kernighan-Helsgaun (LKH) [69] heuris-
tic. The travel cost between two viewpoints is given by the
length of the shortest path along Gg; between them. The
path, along Gg; up to the first viewpoint in the tour is
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executed by the robot and the viewpoints are recalculated.
If any viewpoints are added/deleted or their location has
changed more than a threshold g, a new graph Ggy is
built and a new tour is calculated. Otherwise, the path up to
the next viewpoint in the tour is commanded to the robot.
Figure 9 shows an illustration of the steps involved in the SI
mode.

E. Predictive Planning - Assisted Exploration (PP-AE)

The PP-AE, the first submode of PP, builds upon the VE
mode and modifies the information gain to guide the planner
to focus on the predicted semantic locations. Using the
transform used to align the ©¥° or ¢ of the substructure
with the selected ©19¢ or ©°, the bounding boxes of the
longitudinals in the predicted graph are transformed to be
at the predicted longitudinal locations. The part of the map
M lying in these bounding boxes is referred to as the
predicted semantic map and is denoted by M%. The PP-AE
submode operates in an iterative fashion similar to VE and, in
each iteration, builds a collision-free graph G 4 around the
current robot location. It then calculates a new information
gain Y 4g(v;) for each vertex v; in G4g. The remaining
procedure to select the best path remains the same as VE
with Ty g being replaced by T 45 in Equation 6. The new
information gain Y 45 (v;), for a vertex v;, is formulated as:

Yapv;) =(a+8)Ts(;) + (1 - )Yyp(v;). ®

Here, Ty g(v;) is the Volume Gain as explained in Sec-
tion V.C. Tg(v;), called the Semantic Gain, is defined as the
number of unknown voxels in M£ seen by the depth sensor
Yp if the robot was at vertex v;. «, called the overlap ratio, is
the ratio of the number of detected longitudinals overlapping
with the predicted longitudinals to the number of predicted
longitudinals. To calculate the overlap, each predicted lon-
gitudinal is checked to find if its bounding box overlaps
with any of the detected longitudinals. Two longitudinals
are considered to be overlapping if their bounding boxes
have more than a user-defined « percent overlap. The larger
the overlap ratio, the higher the contribution of Semantic
Gain, leading to the planner focusing more on exploring
areas with predicted semantics. The tunable parameter §
(0 < 6 < 1) enables the planner to have a small bias for
exploring predicted semantic areas in the initial few PP-AE
planning iterations in each compartment when the overlap
ratio is very small or zero.

When the overlap ratio « goes above a user-defined
threshold ayp,, the PP-AE submode exits and the planner
switches to the SI mode to inspect the detected longitudinals.
This allows the robot to stop the exploration early on
without mapping the entire compartment but after finding
the predicted semantics of interest.

F. Predictive Planning - Opportunistic Inspection (PP-OI)
The PP-OI is the second submode for the PP mode. This
approach assumes more exact repeatability in the patterns
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FIGURE 10. This figure shows illustrations of two key planning steps in
the Assisted Exploration (PP-AE) submode. In the planning iteration on
the left, the overlap between the detected and predicted semantics is 33%
and the planner takes a PP-AE step. In the iteration on the right (not
necessarily the immediate next iteration) a 100% overlap between the
predicted and detected semantics is seen. Hence the planner switches to
the Sl mode.

in the SSG than PP-AE. If the robot traverses through a
manhole used for prediction, the PP-OI is triggered. First,
the viewpoints v;,7 = 1..n (n as defined in Section V.D)
in the TSP tour oy, from the previous compartment are
transformed to match the predicted longitudinals. The trans-
form used to align the ¥¢ or ¥¢ of the substructure with the
selected L99¢ or L9¢ is applied to the viewpoints in o).
Next, for the first viewpoint v; in oy, if a longitudinal
overlapping with the predicted longitudinal L that v; will
be inspecting is detected, then a collision-free path from the
current robot location to v; is calculated using using the
RRT* [70] algorithm. The robot traverses this path and the
procedure is repeated for the next viewpoint in o,. If such
a longitudinal is not detected, an exploration planning step
guiding the robot towards v; is taken using a modification of
the algorithm used for VE mode. The core algorithm remains
identical with the only modification being in the function Z
in Equation 6, with each path compared against the straight
line path from the current robot location to v; instead of
o.. These exploration steps are repeated until a longitudinal
overlapping with L is detected, at which point a collision-free
path to v; is calculated and the procedure is repeated for the
next viewpoint in o, If the longitudinal is not found within
a predefined number of exploration steps, the planner skips
v; and the procedure is continued for the next viewpoint in
otsp. Figure 11 illustrates indicative planning steps of the
algorithm.

VI. SIMULATION STUDIES

This paper presents two large-scale simulation studies. In
the first study, both predictive planning approaches are
tested and compared against several exploration and in-
spection planning methods. We compare the methods in
two distinct environments. The first is a large-scale ballast
tank consisting of 8 compartments. Each compartment has
dimensions length x width x height = 10m X 10m x 10m

Planning iteration: 1
Longitudinal for next viewpoint detected
Action: Go to that viewpoint

Planning iteration: 2
Longitudinal for next viewpoint NOT detected
Action: Exploration step

| <

Planning iteration: 4
Longitudinal for next viewpoint detected
Action: Go to that viewpoint

Planning iteration: 3
Longitudinal for next viewpoint detected
Action: Go to that viewpoint

Predicted Longitudinal Location %etecied Longitudinal Location

®. X Predicted Inspection Tour o © Path Under Execution

FIGURE 11. This figure shows four consecutive planning iterations
describing the Opportunistic Inspection (PP-Ol) submode. As the robot
enters through a manhole used for graph prediction, the PP-Ol submode
is triggered. The robot attempts to follow the predicted path as long as the
longitudinals viewed by the viewpoints in the path are detected. If not,
then the planner takes exploration steps until that longitudinal is
detected.

with eight longitudinals to inspect. Longitudinals are metal
beams mounted on the walls of ballast tanks to enhance
structural integrity. An illustration of these components is
provided in Figure 12. The compartments are interconnected
by large manholes (one between each pair of compartments)
of dimensions height X width = 2.0m x 1.5 m which serve
as the EVs. The second environment is an industrial, factory-
like setting consisting of several process pipes, which serve
as the semantics of interest for inspection. The environment
is split into 8 rooms connected by doors of dimensions height
x width = 2.0m x 1.5m that act as the EVs. Each room
contains additional structures, making the environment more
cluttered than the ballast tank. The environments and the
semantics inside them are shown in Figure 12.

The second study aims to evaluate the performance of the
method in the presence of missing semantics and, therefore,
inexact graph patterns. This study is conducted in the ballast
tank environment. We procedurally remove one longitudinal
from a few compartments in the ballast tank, thus ablating
over the number of compartments missing a semantic.

The simulations are conducted in the Gazebo simulator
with a model of the Resilient Micro Flyer (RMF-Owl) [35]
collision-tolerant aerial robot. The method described in Sec-
tion V.A is used to build the SSG for the simulation in the
ballast tank, whereas the segmentation camera provided by
Gazebo is used for the factory simulation.
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Ballast Tank

Manhole
\
/

Factory

\

Door

FIGURE 12. This figure shows both simulation environments and the semantics within them. The first environment is a ballast tank divided into 8
compartments connected by manholes of dimensions height x width = 2.0 m x 1.5 m as the EVs. Each compartment contains 8 longitudinals which
are the semantics to inspect. The second environment, shown on the right, is a factory containing several pipes that serve as semantics for inspection.
The factory consists of 8 rooms connected by doors of dimensions height x width = 2.0 m x 1.5 m as the EVs.

Assisted Explorati

Oppodunistic Inspection

FIGURE 13. Figure showing the ballast tank simulation environment
including the longitudinals along with the robot path from one mission of
each planner. The proposed predictive planner significantly outperforms
the Baseline, GVI, and pure exploration planners.

A. Comparative Study

This study compares the performance of our method against
the following exploration and inspection path planning
strategies.

e Baseline: This approach uses the planning strategy
detailed in Section V.B without triggering the PP mode
and only uses the VE and SI modes. Comparison
against this allows us to study the benefit of the

VOLUME ,

predictive planning paradigm against a pure semantics-
aware inspection planning approach.

e GVI: In this approach, our previously published work
on autonomous exploration and General Visual In-
spection (GVI) of ballast tanks [71] is utilized. The
method performs volumetric exploration along with
visual inspection of all mapped surfaces from a given
desirable viewing distance. Comparison against this
method allows us to study the benefits of using a
semantics-aware inspection strategy as opposed to the
general inspection of all surfaces.

e GBPlanner: We compare against our previous open-
sourced graph-based exploration path planner, GBPlan-
ner [1], [13]. To ensure that the planner sees all sur-
faces, the FoV and the maximum range of the sensor
used for exploration are set to be the same as )c.
This is to compare against a pure exploration, and thus
naturally less efficient, method.

e FUEL: Finally, another exploration path planner,
FUEL [72], that employs a fast frontier-based explo-
ration strategy is tested. The sensor parameters are
constrained in the same way as GBPlanner for complete
coverage.

As the last two methods do not have an explicit way to
navigate through narrow manholes, a large manhole was
selected in the ballast tank for the two planners to plan
through without the need for explicit detection. Such a size of
manhole is not representative of real-life ship ballast tanks
but without this environment modification, our evaluation
runs indicated that neither GBPlanner nor FUEL would be
able to complete exploration if a typical manhole size (e.g.,
0.8m x 0.6 m) was opted for. However, the proposed pre-
dictive planner, Baseline, and GVI use the explicit manhole
detection and navigation strategy described in [68].
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Assisted Exploration Opportunistic Inspection

Final map, Scene Graph Hierarchy
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Camera @&

Grey Parts of Map:

Compartment 2
Exploration

getected => Exploration | .,
| ®

\ |
!

Exploration Path  Assisted Exploration Path fion Tour  Predi

LIDAR v
Camera @

FIGURE 14. Figure showing indicative steps and final map for the two predictive planning approaches in the ballast tank simulation study. The left half
of the figure illustrates the PP-AE submode showing indicative planning paths, scene graph, detected patterns, and predicted graph. The right half
subfigure shows the results for the PP-Ol submode. The planned paths, detected patterns, predicted graph and paths are presented.The cyan colored
point cloud and SSG vertices correspond to the semantics to be inspected.

A total of 5 missions are conducted for each of the
planners in both simulation environments. The environment
and the robot’s path from one mission of each planner are
shown in Figures 13, and 15 for the ballast tank and the
factory respectively. Figures 14 and 16 show the final map,
the SSG at the end of the mission along with the patterns
detected and hierarchy built, indicative planning steps, and an
indicative graph prediction made during the missions of the
predictive planner using the PP-AE and PP-OI submodes for
the respective simulations. The parameters used in these mis-
sions are listed in Table 1. The quantitative results comparing
the performance of each method are shown in Table 2. In
the factory environment, the viewpoint sampling strategy of
the SI mode is modified to accommodate generic semantics.
Viewpoints are sampled within a cuboidal bounding box with
dimensions by +7¢ X ba+7c X bs+1rc, where b = [by, ba, bs]
is the bounding box of the semantic under inspection. The
remaining procedure to build the graph Gg; and calculate
the inspection path remains the same. The metrics used for
comparison are the following:

e Inspection time per compartment / room (s): This is

FIGURE 15. Figure showing the factory simulation environment including
the pipes along with the robot path from one mission of each planner. The
proposed predictive planner significantly outperforms the Baseline, GVI,
and pure exploration planners.

the average time spent by the robot in each compart-
ment / room. For FUEL and GBPlanner, we calculate
this time as the total mission time divided by the
number of compartments, since these methods do not
explicitly split their planning steps per compartment /
room. Note that for PP-AE and PP-OI, we only account
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Assisted Exploration Opportunistic Inspection

Final map, Scene Graph Hierarchy Defediad Paitems

Compartment 2 Semcnﬁc Inspection End of In.specﬁo_n
Exploration
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ﬂ}m‘\

Semantic Classes:

Predicted Graph
Iteration 2

Iteration 3

= — <

FIGURE 16. Figure showing indicative steps and final map for the two predictive planning approaches in the factory simulation study. The left half of
the figure illustrates the PP-AE submode showing indicative planning paths, scene graph, detected patterns, and predicted graph. The right half
subfigure shows the results for the PP-Ol submode. The planned paths, detected patterns, predicted graph and paths are presented. The cyan colored

point cloud and SSG vertices correspond to the semantics to be inspected.

for the compartments / rooms in which the respective
submode was used, meaning we indicate the effect of
exploiting environment prediction. Naturally, the more
the compartments / rooms within which prediction can
be exploited, the higher the importance of predictive
planning.

e Semantic Surface Coverage (%): This relates to the
percentage of semantic surface seen by the camera
sensor )¢ during the mission at the desired viewing
distance 7. In simulations, we have access to the
ground truth mesh of the semantics. For each robot pose
in the mission, rays are cast using the camera model V¢
from that pose. The mesh faces intersected by the rays
are accumulated over the entire mission. The semantic
surface coverage is then defined as the percentage of
the number of cumulative seen mesh faces to the total
number of faces in the mesh.

e Path length (m): The total distance traveled by the
robot in a mission.

As shown in Table 2, the proposed predictive planning
submodes outperform the rest in terms of inspection time
per compartment/room while achieving comparable (often
higher) semantic surface coverage. Specifically, the PP-AE
and PP-OI submodes outperform the Baseline by 25% and
38%, GVI by 45% and 54%, and the exploration planners by
52% and 60% in the ballast tank environment. In the factory
environment, they outperform the Baseline by 27% and
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Parameter Value
SUBDUE Related Parameters

Vb 3

2l 30

tinr 0.2
Vertex/Edge Addition Cost 1.0
Vertex/Edge Deletion Cost 1.0
Vertex Label Substitution Cost | 4.0
Edge Label Substitution Cost 1.0

Tp 1.0
dmin 0.5m
dmax 4.0m
Planning Parameters

[FH, FY] [360, 90]°
(FH, FY] [90, 60]°
rc 3.0m

I 0.05

¢ 0.01

é 0.2
Qthr 0.9
Max speed vmax 2.0m/s

TABLE 1. Parameters used in the presented Simulation Study
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Inspection Time per Semantic Surface | Path Length | Computation Time
Method Compartment / room (s) | Coverage(%) (m) (ms)
Comparative Study 1 : Ballast Tank
PP-AE 48.97 98.96 528.47 148.81
PP-OI 40.33 99.93 522.12 31.58
Baseline 65.58 99.87 645.69 277.51
GVI 88.98 99.46 976.59 2046.46
GBPlanner | 103.06 96.83 1068.35 102.61
FUEL 101.79 98.44 867.99 42.23
Comparative Study 2: Factory
PP-AE 255.48 98.26 1376.3288 125.43
PP-OI 214.40 98.72 1356.0789 46.93
Baseline 349.35 98.65 1438.0326 165.90
GVI 565.89 91.25 2539.0344 2666.89
GBPlanner | 622.46 73.06 3187.9088 130.29
FUEL 629.98 79.70 2618.4168 38.33

TABLE 2. Quantitative Results from Comparative Simulation Study. It can be clearly observed that the two predictive planning submodes PP-AE and

PP-Ol outperform the other methods due to their ability to exploit pattern prediction. Even if the Baseline approach uses the semantic information for

inspection, it significantly underperforms compared to PP-AE and PP-Ol. The average computation times for each method are shown in the last column.

For the PP-AE, PP-OI the computation time is reported only for the planning steps when the planner was operating in the respective submodes.

38%, GVI by 55% and 62%, and the exploration planners
by 59% and 66%. This highlights the benefit of using the
predictive planning approach. It is noted that the semantics
in the factory environment require the robot to access narrow
parts between the walls and the pipes. Since the exploration
planners only aim to map the given volume, these parts of the
semantics are not seen properly. Hence, the two exploration
planners have lower semantic surface coverage in the factory
environment as compared to the ballast tank.

B. Ablation Study for Missing Semantics
This study aims to evaluate the performance of the proposed
method under the circumstances of imperfect patterns. We
create 5 versions of the ballast tank shown in Figure 13
where in the k" version, one longitudinal is removed from
k compartments. The purpose of this study is twofold. First,
to evaluate the ability of the modified SUBDUE algorithm
in the presence of imperfect patterns and compare its per-
formance against the original SUBDUE algorithm. Second,
to demonstrate the ability of both Predictive Planning sub-
modes, PP-AE and PP-OI, to handle imperfect patterns. To
this end, the PP-AE and PP-OI submodes, as well as the
Baseline are tested in all versions of the ballast tank. The
original SUBDUE algorithm is tested on the SSG of the
full tank of each version, and the results are compared with
the modified version. Note that the exploration planners and
the GVI are not tested as they do not explicitly account for
semantics, therefor their performance will not be affected in
any meaningful way by the missing semantics.

Figure 17 presents the patterns detected and the hierarchy
built for each version of the ballast tank and the quantitative
results of this study are shown in Table 3. The left side fig-

Inspection Time / | Semantic Surface | Path Length

Method Compartment(s) Coverage(%) (m)
Number of compartments missing a longitudinal: 1

PP-AE 47.5097 99.8947 514.2059
PP-OI 39.4998 99.9659 531.9714
Baseline | 64.7500 99.576 618.2521
Number of compartments missing a longitudinal: 2

PP-AE 45.5292 98.5946 515.5791
PP-OI 42.5706 98.8924 540.3622
Baseline | 62.3510 99.5951 613.6175
Number of compartments missing a longitudinal: 3

PP-AE 47.1471 98.6304 518.9256
PP-O1 43.6990 99.0683 538.8774
Baseline | 62.4917 98.6113 635.8960
Number of compartments missing a longitudinal: 4

PP-AE 46.0173 99.7938 514.2457
PP-OI 45.5803 98.9333 552.1726
Baseline | 63.9893 98.9602 610.8366
Number of compartments missing a longitudinal: 5

PP-AE 44.6311 99.8967 510.0772
PP-OI 46.515 99.3527 571.7858
Baseline | 62.5788 98.59 627.1848

TABLE 3. Ablation Study for Missing Semantics. We evaluate the two
predictive planning submodes and the Baseline in ballast tanks with vary-
ing number of compartments missing one longitudinal each. The results
show that the proposed planner is able to handle the imperfect patterns
successfully showing significant improvement over the Baseline.
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Original S E Algorithm Modified SUBDUE Algorithm

:Wall : Manhole

: Compartment

Number of Longitudinals Missing: 1

FIGURE 17. Figure showing the 5 versions of the simulation environment with inexact patterns along with the detected patterns and hierarchies of
compressed graphs. The left side figures show the original SUBDUE algorithm tested in each version of the ballast tank. It can be clearly seen that the
modified algorithm was able to identify the correct patterns but the original algorithm did not.

ures of Figure 17 show the results of the original SUBDUE
algorithm and those on the right side show the modified one.
It is evident that the modified SUBDUE algorithm was able
to identify the correct patterns despite the missing semantics
in all tests, while the original algorithm failed to do so.
The original algorithm, at instances, incorrectly grouped the
‘Compartment’ vertex in the instances of the pattern with
missing longitudinals. As the modified algorithm accounts
for the pose of the vertices, the incorrect grouping of the
‘Compartment’ vertex is penalized. Furthermore, the penalty

VOLUME

for incorrectly mapped high-degree vertices (such as the
‘Compartment’) leads to a higher graph-matching cost for
this incorrect mapping.

Despite the missing semantics, both Predictive Planning
submodes were able to provide comparable semantic cov-
erage as the missions with perfect patterns. This shows the
ability of the planner to handle imperfect patterns. At the
same time, they outperformed the Baseline by more than
25% in terms of inspection time, a result that is comparable
to the case of perfect patterns. For the PP-OI submode, the

19



 IEEE Transactions on Field Robotics (T-FR) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-FR paper.

average inspection time per compartment increases slightly
as the number of compartments with missing longitudinals
increases. This can be attributed to the fact that the robot
needs to perform additional exploration steps in the compart-
ments with missing longitudinal to search for longitudinals
at the predicted locations. A slight decrease can be observed
in the inspection time per compartment for the PP-AE and
the Baseline solutions as the robot needs to inspect fewer
semantics. However, in all cases, the changes are small
and the Predictive Planning submodes show a significant
advantage over the Baseline.

VII. FIELD EXPERIMENTS

To demonstrate the field readiness of the proposed SPP
paradigm, we present extensive field deployments in real
ballast tanks inside two oil tanker ships. The deployments
were conducted in the side section of the ballast tanks (the
point cloud map is shown in Figure 1) using a variant
of the Resilient Micro Flyer (RMF)-Owl [35] collision-
tolerant aerial robot. In both deployments, three missions
were conducted testing the PP-AE and PP-OI submodes
along with the Baseline approach described in Section VI.
The performance of the methods is compared using the
metrics detailed in Section VI. Since we do not have access
to ground truth meshes for the semantic surface coverage
calculation, we create the meshes using the segmented
point cloud. As the longitudinals can be approximated by
rectangles, simplified rectangle-shaped meshes were created
using the dimensions given by the segmented point cloud.
The parameters used by the predictive planner in both
field deployments are listed in Table 4. The dataset from
both deployments will be open-sourced soon extending our
previously released ballast tank dataset available at https:
//github.com/ntnu-arl/ballast_water_tank_dataset.

A. Collision-tolerant Aerial Robot System Description

All experiments are conducted using an upgraded version
of the collision-tolerant aerial robot RMF-Owl presented
in [35]. With its collision-tolerant frame, the robot is de-
signed for autonomous navigation in confined environments.
The robot presents a small form factor of length x width
x height = 0.38m x 0.38m x 0.24m weighing 1.45kg.
It utilizes a 4s 5000mAh battery providing an endurance
of 10 min. The robot carries a Khadas VIM4 Single Board
Computer (SBC) having x4 2.2Ghz Cortex-A73 cores, along
with x4 2.0Ghz Cortex-AS53 cores implementing an Amlogic
A311D2 big-little architecture. The entire autonomy soft-
ware stack including SLAM, position control and predictive
planning runs onboard this computer. The SBC interfaces
with a Pixracer autopilot for low-level control. The sensing
suite of the robot contains an Ouster OS0-64 LiDAR used as
Yp (FoV: [360,90]°, max range: 100 m), a Blackfly S color
camera used as V¢ (Resolution: 720 x 540, FoV: [85, 64]°),
and a VectorNav VN100 IMU. This computing and sensing
suite allows the robot to maintain a lightweight and small
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Parameter Value
SUBDUE Related Parameters

7o 3

ol 30
Lthr 0.2
Vertex/Edge Addition Cost 1.0
Vertex/Edge Deletion Cost 1.0

Vertex Label Substitution Cost | 4.0
Edge Label Substitution Cost 1.0

Tp 1.0
dmin 0.5m
dmax 4.0m

Planning Parameters

[FE,Fp) 360, 90]°
(FH, FY] [85,64]°
rc 1.0m

m 0.05

¢ 0.01

é 0.2

Qthr 0.9

Max speed Ymax 1.5m/s

TABLE 4. Parameters used in Field Deployments

form factor while providing autonomous exploration and
inspection capabilities in confined environments. The robot
uses CompSLAM [73], a multi-modal SLAM framework,
for accurate odometry and mapping. Additionally, a Model
Predictive Controller [74] is used for tracking trajectories
given by the proposed Predictive Planner.

B. Field Deployment 1

The first evaluation was conducted in an oil tanker, and the
robot was deployed inside the side section of one of its
ballast tanks. A point cloud map of the tank can be seen in
Figure 18. Each compartment of the selected section had the
dimensions length x width X height = 4.8 mXx2.9mx5.5m.
The compartments were each connected by two manholes
of dimensions height x width = 0.8m X 0.6m and
0.4m x 0.6m located at a height of 0.8m and 4.3m re-
spectively from the ground. Each compartment had a total of
12 longitudinals, however, for safety reasons the maximum
operating height of the robot was limited to 4.5 m reducing
the scope of inspection to 10 longitudinals per compartment.
Three missions were conducted testing the PP-OI and PP-AE
submodes, as well as the Baseline. In each mission, the
robot was tasked to explore and inspect the longitudinals
in four compartments. It is highlighted that the Predictive
Planner did not have access to any information about the
ballast tank —including the compartment dimensions, number
of longitudinals, etc— other than the number of compartments
to inspect. Subsequently, we describe each mission in de-
tail. A video detailing Field Deployment 1 is available at
https://youtu.be/XhT3nVC9d-1.
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FIGURE 18. Field Deployment 1: Mission 1. The figure shows the scene graph built, paths planned, and patterns found in each compartment. The robot
performed VE and Sl steps in the first two compartments after which a successful graph prediction was made. The robot operated in PP-AE submode in
compartments 3 and 4. The planner was able to find correct patterns and utilize the prediction for efficient exploration and inspection.
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FIGURE 19. Field Deployment 1: Mission 2. After performing exploration and inspection in the first two compartments without any graph prediction, a

successful prediction was made at the end of the inspection of the second compartment. The planner then operated in the PP-Ol submode in the 3™
and 4™ compartments. The predicted graph and paths, along with indicative planning steps, are shown in the figure.
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FIGURE 20. Field Deployment 1: Mission 3. The figure shows indicative
planning steps, final map, and scene graph built during this mission. The
Baseline approach was used in this mission hence no pattern detection or
graph prediction was made.

1) Mission 1: Assisted Exploration
In this mission, the robot started in the first compartment
in the VE mode and then switched to the SI mode upon
exploring the entire compartment (the definition of com-
partment here is as per Section V.A). Once the compart-
ment was inspected, the pattern detection and prediction
step was triggered. The detected pattern consisted of five
longitudinal vertices connected to a wall vertex as shown
in Figure 18 (Compartment 1.c). As the pattern had no ¥°,
the robot navigated through the nearest untraversed manhole
and switched to the VE mode for exploration followed by
SI for longitudinal inspection. Upon completion, the pattern
detection step was triggered and a two-level hierarchical
structure was built as shown in Figure 18 (Compartment
2.c). The pattern found in the first level (referred to as
‘pl” and denoted by the orange circle) consists of five
longitudinal vertices connected to a wall vertex. The pattern
in the second level (referred to as ‘p2’ and denoted by the
yellow circle) consists of a compartment vertex connected to
two wall vertices, two vertices representing the substructure
‘p1’, and four manholes. As the substructure ‘p2’ contained
¥¢ (the manholes), the graph prediction step was triggered
and the prediction made by the planner is shown in Figure 18
(Compartment 2.c).

Given this prediction, the robot traversed through the
manhole used for the prediction, entered the next compart-
ment, and switched to the PP-AE submode. The planner
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performed PP-AE steps until the overlap ratio o > ayp,. At
which point the planner switched to the SI mode to inspect
the longitudinals. In this compartment, only 1 PP-AE step
was conducted. After finishing the inspection, the pattern
detection and prediction step was triggered. A hierarchy
of two levels was built with similar substructures found
at the end of the inspection of Compartment 2. The robot
traversed through the manhole used for graph prediction,
switched to the PP-AE submode, and continued the mission.
Indicative planning steps in compartments 3 and 4 are
shown in Figure 18 (Compartment 3) and (Compartment 4)
respectively. The total mission time in this case was 279s.

2) Mission 2: Opportunistic Inspection

Similar to Mission 1, the robot started in the first compart-
ment in the VE mode. The behavior of the planner in the
first two compartments was similar to that in Mission 1.
At the end of the inspection of the second compartment, the
pattern detection step was triggered and a two-level hierarchy
shown in Figure 19 (Compartment 2.c) was built. As the
pattern ‘p2’ contains ¢, a graph prediction was made. The
predicted graph extension and the predicted path can be seen
in Figure 19 (Compartment 2.c).

The robot navigated through the manhole used for pre-
diction, entered the next compartment, and switched to the
PP-OI submode. In the first planning iteration, no longitu-
dinal was detected, so the planner performed an exploration
step as shown in Figure 19 (Compartment 3.a). At this
point, the longitudinal corresponding to the first viewpoint
in the predicted path was detected and the robot planed
a path towards that viewpoint. The robot continued the
mission visiting each viewpoint in the predicted path. Two
indicative steps are shown in Figure 19 (Compartment 3.b).
Upon inspecting Compartment 3, the pattern detection and
prediction step was triggered and patterns similar to those at
the end of Compartment 2 were detected. The robot traversed
through the relevant manhole and continued the mission.
Indicative planning steps in Compartment 4 are shown in
Figure 19 (Compartment 4). The total mission time in this
mission was 258s.

3) Mission 3: Baseline
The Baseline approach, as described in Section VI, was
used for comparison. The planner does not use the pattern
detection and graph prediction steps in this mission. In each
compartment, the robot started in the VE mode, switched
to SI mode when fully explored, and traversed through the
closest manhole upon completing the inspection. The final
map and the scene graph built during the mission are shown
in Figure 20 along with indicative VE and SI paths. The total
mission time was 318s.

The performance of all methods is evaluated using the
metrics presented in Section VI. The quantitative results are
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shown in Table 5 (Field Deployment 1). It is clear from
the table that the proposed predictive planning submodes
outperform the Baseline in terms of inspection time per
compartment and path length while maintaining comparable
semantic surface coverage. Note that the inspection time for
the PP-AE and PP-OI submodes considers only the last two
compartments in which the two submodes were used. This
demonstrates that the predictive planning approach is more
effective even in real-world scenarios.

C. Field Deployment 2

The second field deployment was conducted in a ballast
tank of another oil tanker. The robot was deployed in the
side section of the tank. This tank presents a layout similar
to that in the first deployment but with a different internal
structure. This deployment further shows the repeatability
of the method in real-world scenarios. Each level of the
ballast tank had compartments of dimensions length x width
x height = 4.8m x 2.9m x 5.5m. The compartments
were connected by manholes of dimensions height x width
= 0.8m x 0.6m and 0.4m x 0.6m. Similar to Field
Deployment 1, we tested the PP-AE, PP-OI, and the Baseline
solutions. The robot was tasked to inspect 4 compartments
in each mission. The maximum flying height was limited
to 4.5m allowing the inspection of 10 longitudinals in
each compartment. A video detailing Field Deployment 2
is available at https://youtu.be/7Efu8N33XqU.

1) Mission 1: Assisted Exploration

The planner started in the first compartment in the VE mode,
switched to SI mode when fully explored and upon com-
pletion, triggered the pattern detection. The detected pattern
consisted of one wall vertex connected to five longitudinal
vertices as shown in Figure 21 (Compartment 1.c). Since
the substructure did not contain ¢, the robot traversed
to the next compartment through the closest manhole and
switched to the VE mode. At the end of the inspection,
the pattern detection step was triggered and a two-level
hierarchical graph structure was built as shown in Figure 21
(Compartment 2.c). The pattern ‘pl’ (orange circle) in the
first level consisted of one wall vertex connected to five
longitudinal vertices, whereas ‘p2’ in level 2 (yellow circle)
consisted of one compartment vertex connected to two wall
vertices, two ‘pl’ vertices, and four manholes. As ‘p2’
contained ¢, the graph prediction step was triggered and
the predicted graph is shown in Figure 21 (Compartment
2.0).

The robot navigated to the next compartment through
the manhole used for graph prediction and switched to
the PP-AE submode. Two PP-AE steps were conducted
(shown in Figure 21 (Compartment 3.a)) until sufficient
overlap between the detected and predicted longitudinals was
achieved, at which point the planner switched to the SI mode.
Upon completion, the pattern detection step was triggered.
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Similar substructures as at the end of Compartment 2 were
detected and the graph prediction was carried out(Figure 21
(Compartment 3.c)). The robot navigated to the next com-
partment, passing through the relevant manhole, and the
process was continued. Figure 21 shows indicative planning
steps in each of the compartments. The total mission time
was 276s.

2) Mission 2: Opportunistic Inspection

During Mission 2, the behavior of the predictive planner in
the first two compartments was similar to that in Mission 1.
Upon completing the inspection in the second compartment,
the pattern detection step was triggered. The hierarchy built
was similar to that in Mission 1 as shown in Figure 22
(Compartment 2.c). The graph prediction step was carried
out and the predicted graph and predicted inspection path are
shown in Figure 22 (Compartment 2.c). The robot navigated
through the relevant manhole to enter the next compartment
and the PP-OI submode was activated. As no longitudinals
were detected at the beginning of the first iteration, the
planner took an exploration step (Figure 22 (Compartment
3.a). At this point, the longitudinal corresponding to the next
viewpoint in the predicted path was detected and the planner
planed a path to that viewpoint. This process was repeated
until all viewpoints in the predicted path were visited. Next,
the pattern detection and graph prediction steps were carried
out. After traversing through the relevant manhole, the PP-OI
submode was triggered as successful graph prediction was
made. Figure 22 shows indicative planning steps for each
compartment. The total mission time in this case was 267 s.

3) Mission 3: Baseline
The Baseline approach showed similar behavior as that
in Field Deployment 1. In each compartment, the planner
performed the VE and SI steps without triggering the pattern
detection and graph prediction steps. The final map, scene
graph, and indicative planning steps in two compartments
are shown in Figure 23. The total mission time was 314s.
The quantitative results comparing the performance of
the three missions are shown in Table 5 (Field Deployment
2). Similar to Field Deployment 1, the predictive planning
submodes outperformed the Baseline, with the PP-OI having
the best performance in terms of inspection time per com-
partment.

D. Summary

We presented field deployments in the ballast tanks of
two ships demonstrating the field readiness of our method.
The planner operating in both predictive planning submodes
was tested along with the Baseline solution that does not
exploit pattern detection and prediction. The PP-AE and
PP-OI submodes show an improvement in the inspection
time per compartment of 17.1%, 22.6% respectively in
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compartments, the PP mode was not used. After successful prediction at the end of the second compartment, the PP-AE submode was used in
Compartment 3. The same behavior was observed in Compartment 4. The PP-AE paths, scene graphs, and maps can be seen in the figure.
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compartment, a successful graph prediction was made and the planner switched to PP-Ol submode upon entering the third compartment. Similarly the
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Inspection Time / | Semantic Surface | Path Length | Computation Time
Method Compartment (s) Coverage (%) (m) (ms)
Field Deployment 1
PP-AE 61.0 97.4603 119.78 270.54
PP-OI 57.0 97.3727 115.77 63.91
Baseline | 73.5 96.3218 129.17 426.62
Field Deployment 2
PP-AE 58.5 95.9184 128.55 245.02
PP-O1 55.5 95.3719 125.96 71.29
Baseline | 72.0 93.9935 131.55 414.75

TABLE 5. Quantitative results from both Field Deployments. We deploy the two predictive planning submodes and the Baseline in two ships. The results

show that the proposed submodes outperform the Baseline in terms of inspection time per compartment while achieving equal or better semantic

coverage in both deployments. The average computation times for each method are shown in the last column. For the PP-AE, PP-Ol the computation

time is reported only for the planning steps when the planner was operating in the respective submodes.

Final Map and Scene Graph

Compartment 1

Semantic In:

Volumetric Exploration

FIGURE 23. Field Deployment 2: Mission3. The figure shows indicative
planning steps for the Baseline solution. The planned paths, scene graph,
and final map are shown in the figure. It is highlighted that the Baseline
does not do pattern detection and graph prediction thus using only the
VE and PP-Ol modes.

Field Deployment 1 and 19.4%, 23.6% respectively over the
Baseline. The deployments show that the semantics-aware
predictive planning paradigm proposed in this paper can
make the inspection planning more efficient while obtaining
the same semantic coverage. Among the two predictive plan-
ning approaches presented in the paper, the PP-OI submode
provides marginally better results than PP-AE as shown by
the quantitative results aligning with the trend seen in the
simulation study.

VIIl. CONCLUSIONS

This paper presents a new paradigm called “Semantics-
aware Predictive Planning” that exploits structured spatial
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semantics patterns in an environment. Specifically, we rep-
resent the semantics in the environment as a Semantic Scene
Graph. The method exploits and extends a graph structure
discovery algorithm called SUBDUE. Key modifications are
made to the original algorithm for handling the case of
inexact patterns more accurately and for utilization of the
pose information of the semantics in the SSG. Using these
patterns, the work proposes a strategy to identify areas
in the SSG that can extend to the detected patterns and
predicts the evolution of the SSG. Finally, we present two
inspection path planning strategies that exploit these graph
predictions, and tailor them to the application of ship ballast
tank inspection. Through simulation studies in a model of
a ballast tank and and industrial factory-like environment,
the paper demonstrates that the proposed predictive planning
paradigm can perform semantic inspection faster (ranging
from 25% to 60% less inspection time) than state-of-the-art
exploration and inspection planners as well as a semantics-
aware “Baseline” solution that used the same volumetric
exploration and semantic inspection planners without ex-
ploiting the graph predictions, while maintaining equal or
higher semantic coverage. Furthermore, we show the benefit
of the proposed modifications to SUBDUE through a simu-
lation study in a ballast tank having imperfect patterns. The
method is deployed in the ballast tanks of two oil tanker ships
onboard a collision-tolerant aerial robot. Both the proposed
predictive planning strategies along with the Baseline are
tested resulting in a total of 6 experiments. The proposed
approaches are able to achieve up to 23% improvement
over the Baseline showing the real-world applicability of the
method.

Regarding future work, we have identified four possible
avenues. The first relates to a probabilistic formulation of
the pattern detection strategy. Currently, the output of the
pattern detection algorithm is independent of the previous
times it was triggered. Furthermore, it does not account for
the detection probabilities of the semantics. Future work can
focus on an algorithm that can account for the above and
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provide a confidence metric over the detected patterns and
track them over time. The second future research direction
can be to include prior knowledge about patterns in both the
pattern detection as well as graph prediction steps. Third,
investigation can happen on graph prediction strategies that
do not restrict the prediction to the use of specific entry
classes. This will enable this paradigm to be used in a larger
variety of environments. Finally, research can focus on path
planning for actively searching for patterns based on prior
knowledge or graph predictions.
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