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Abstract— In this work, we present a hierarchical framework
designed to support robotic inspection under environment
uncertainty. By leveraging a known environment model, existing
methods plan and safely track inspection routes to visit points of
interest. However, discrepancies between the model and actual
site conditions, caused by either natural or human activities, can
alter the surface morphology or introduce path obstructions.
To address this challenge, the proposed framework divides the
inspection task into: (a) generating the initial global view-plan
for region of interests based on a historical map and (b) local
view replanning to adapt to the current morphology of the
inspection scene. The proposed hierarchy preserves global cov-
erage objectives while enabling reactive adaptation to the local
surface morphology. This enables the local autonomy to remain
robust against environment uncertainty and complete the in-
spection tasks. We validate the approach through deployments
in real-world subterranean mines using quadrupedal robot. A
supplementary media highlighting the proposed method can be
found here https://youtu.be/6TxK8S_83Lw.

I. INTRODUCTION

Robotic inspection plays a critical role in modern min-
ing operations, with robots increasingly deployed to handle
unsafe and repetitive tasks: from detecting changes in sub-
terranean environments [1], [2] to routine monitoring [3],
[4]. This work contributes to enabling autonomous visual
inspection in uncertain subterranean environments, focusing
specifically on surface inspection and the discrepancies that
arise between a priori models and current environmental
conditions. These discrepancies may result from obstructions
along pre-recorded paths (e.g., rockfalls) or from routine
mining activities that alter surface morphology (e.g., ore
extraction). Since such uncertainty is often unpredictable
and cannot be fully modelled in advance, it can degrade
inspection performance and compromise the quality of visual
data collected during missions. Figure 1 presents a few
demonstrative use-case of robotic inspection application in
subterranean mines.

Therefore, addressing visual inspection tasks in a poten-
tially outdated environment model poses two main chal-
lenges. First, discrepancies between current conditions and
historical environment data can compromise the generated
inspection route. These mismatches may introduce obstacles
that either obstruct the path or block sensor views. As a
result, the system must replan locally to ensure coverage of
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the desired region in a safe and reliable manner. Second,
changes in the surface morphology can directly affect the
resolution of visual data collected at each view-pose. The
preplanned route relies on viewing requirements derived
from the outdated environment model. When actual surface
conditions differ from the model, the inspection plan must
be updated to reflect the current environment conditions.

Collectively, such morphological discrepancies translates
into actions necessitating multiple mapping runs: to update
the model, plan on the latest representation and finally
execute the plan in the environment. As such, they contribute
to an overall longer mission duration. To address these
challenges, we propose a hierarchical inspection framework
that aims to address the problem of routine inspection in
uncertain environments. This is achieved by leveraging a
priori 3D map information for the initial task planning
and implementing a local reactive view planner for online
replanning. Through the proposed methodology, we aim to
actively address the model mismatch problem through an
adaptive planning approach within a single session.

The article is structured as follows: Section II presents the
review on state-of-art methods and the main contributions
of the article. Section III highlights the problem statement
and the proposed methodology in detail. Section IV and V
presents the evaluation setup, the experimental results and the
related discussions. Finally, Sec VI underscores the insights
drawn from the experiments and highlights the future works
of the current research.

Fig. 1. Examples of robotic inspection application in subterranean
environments.
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II. RELATED WORKS

[5] presents a hierarchical inspection framework designed
to provide coverage of target regions in a 3D scene. In
their work, the authors propose an initial viewpoint sam-
pling covering the desired inspection regions, followed by
clustering the valid collision-free viewpoints within each
environment subspace representation. Subsequently, a Trav-
elling Salesman Problem (TSP) tour is solved and later
refined to provide shortest collision-free path to cover the
desired targets. Similar to this, [6] propose a model based
hierarchical approach by decomposing the 3D scene for ef-
ficient viewpoint sampling and subsequent path planning for
complete coverage. Specifically, the authors leverage an input
3D point-cloud of the target scene which is then skeletonized
to sample viewpoints. This is then processed to extract and
execute the shortest collision-free path covering the scene.
In [7], the authors present an uncertainty aware inspection
framework targeted towards adaptive view planning strategy
in presence of static and dynamic obstacles in the scene.
Particularly, the authors leverage a priori map to compute
a global view plan of the scene and then adapt it online to
ensure safe navigation and occlusion-free viewing during the
mission.

While [5]–[7] demonstrate autonomous coverage of a 3D
scene based on an a priori model, limited works [7] address
the presence of uncertainty in environments. However, these
approaches often overlook a broader aspect of environmental
uncertainty, namely, evolving surface morphologies. In con-
trast, our approach uses an a priori model to define inspection
tasks and generate a global view plan. This is integrated
with a reactive local view planner to maintain awareness of
surface morphology and adapt in real-time, ensuring desired
photogrammetric requirements are met during coverage of
the inspection region.

A. Contributions

Building on the above discussion, we outline our key
contributions that address the challenges of autonomous
inspection in uncertain environments. For clarity, we define
the environmental uncertainty as the incomplete or outdated
information (e.g., lack of presence of obstacles, absence of
knowledge on current surface morphology) available to the
robot or human operator during inspection planning.

To address the above limitations, we propose a hierarchical
inspection framework that combines global planning based
on a historical model with local online replanning to adapt to
unexpected environmental changes. Given a priori map and
target inspection regions, we generate corresponding global
view plans before mission start. Each inspection task is then
passed to a local planner, which generates a predicted inspec-
tion route using real-time sensor data. During each task, we
compute the similarity between the predicted and preplanned
inspection paths, quantifying the deviation observed. When
significant deviation is perceived, the system prioritizes local
replanning to update the preplanned path to preserve the
desired photgrammetric constraints. Throughout replanning,
the system ensures awareness of the original global plan and
only executes replanned segments evaluated to deviate based
on the current perception of the environments. Holistically,
this approach enables adaptive surface inspection in the
presence of unexpected environmental changes.

Additionally, we demonstrate the efficacy of the pro-
posed framework in real-world applications. We achieve
this through field deployment experiments on a quadrupedal
robot in subterranean environments. Furthermore, we eval-
uate the framework in large-scale missions in simulated
scenarios.

III. METHODOLOGY

A. Preliminaries

We denote the robot’s pose estimate as X̂k
odom =

[x, y, z, ϕ, θ, ψ]T ∈ R6. The camera horizontal and vertical
Field-Of-View (FOV) are α, β ∈ R+, with the desired
viewing distance dview ∈ R+ and image overlaps γH , γV ∈
R+. The input point clouds are pk = {pki ∈ R3}Mi=1. A
reference view-pose is Xref ∈ R4|Xref = [x, y, z, ψ], and
the predicted local path is ΠkLV P = {Xk+1

ref , . . . ,X
k+N
ref },

where N ∈ Z+ is the prediction horizon.

B. Problem Statement

For a known, historical volumetric map of the environment
MH ∈ R3, we denote R = {vi}Mi=1|vi ∈ R3 as a simple flat
3D polygon representing the inspection region of interest in
MH . Given a view-pose as x = [x, y, z, ψ] ∈ R4, we define
Z as the initial set of view poses generated for R over MH .
We denote Mδ ∈ R3 as the uncertainty brought about by

Fig. 2. Framework of the proposed methodology.

22556



unexpected changes in the current scene. Mδ comprises of
changes from the previously known scene, accounting for
path obstructions or evolution of the mine-face topology.
We denote the current 3D representation of the environment,
built by the robot as it navigates the scene, as MC ∈ R3.
Thus, by defining an inspection task over MH , the presence
of Mδ can influence the validity of Z. The goal of this work
is to compute and execute a an updated view plan respecting
the viewing constraints in an online manner, evaluated to
be necessary in presence of Mδ and adapted to current
environment conditions. Figure 2 presents the framework
of the proposed methodology to address the problem of
inspection in uncertain environments.

C. Hierarchical Inspection Planning

Global View-Planning: Figure 3 presents the imple-
mented initial view plan generation scheme based on [8].
Subsequent to the initial ROI definition R (Fig 3(a)), the
region is discretized into grids (Fig 3(b)). We consider the
camera footprint and the desired photogrammetric constraints
to generate the vertical and horizontal grid lines. The distance
between the grid lines is modelled based on the required
overlap distance between two successive view poses. Next,
we filter the grid intersections to keep only those that lie
within the polygon region (Fig 3(c,left)). The valid inter-
sections are then used to compute the corresponding set of
view poses Z. To achieve this, each valid grid intersection
is projected along the direction of the normal vector of the
polygon. The poses are projected to the desired viewing dis-
tance and oriented to view the ROI surface (Fig 3(c,right)).

Fig. 3. A visual representation of the initial view plan generation scheme
for a defined region of interest.

Local View Planning: We leverage the reactive local
view planner initially established in [9]. In brief, the planner
operates over instantaneous 3D point cloud measurements
to generate a reference view pose satisfying the desired
viewing constraints. Specifically, at each planning instance,
pk is processed to evaluate the nearest 3D point on the
locally observed surface pknn ⊆ pk. From this, the reference
unit vectors capturing the ego orientation of the robot is
determined. Based on the viewing constraints, dview, γH , γV ,
the next view-pose in sequence is computed with respect
to the current position of the robot. Equation (1) presents
the mathematical representation of the view planner. For a
detailed insight on the local view planner, the readers are
directed to [9].

Xk+1
ref [x,y,z] = X̂k

odom[x,y,z]+ν⃗xdinsp+ν⃗ydhov+ν⃗zdvov (1)

where,

ν⃗kx =
pknn − X̂k

odom[x,y,z]

||pknn −Xk
odom[x,y,z]||

ν⃗ky = ν⃗up × ν⃗kx

ν⃗kz = ν⃗kx × ν⃗ky

dhov = 2 tan(
α

2
)|pknn − X̂k

odom[x,y,z]||

− 2 tan(
α

2
)||pknn − X̂k

odom[x,y,z]||γH

dvov = 2 tan(
β

2
)||pknn − X̂k

odom[x,y,z]||

− 2 tan(
β

2
)||pknn − X̂k

odom[x,y,z]||γV

such that, ν⃗x, ν⃗y, ν⃗z ∈ R3 are the unit view vectors of the
robot with ν⃗up = [0, 0, 1] being the unit pointing vector
along the +Z-axis of the platform. Equation (2) presents the
required yaw orientation to be maintained by the robot during
local planning.

Xk+1
ref [ψ] = arctan(ν⃗k+1

x (1), ν⃗k+1
x (0)) (2)

Planning under uncertainty: Figure 4 presents the
pipeline for adaptive local planning in presence of environ-
ment uncertainty. Once the tasks are defined and the mission
initialized, we evaluate and compute a global traversable
pathway to the tasks from the current position over MH (refer
Fig 4(b)). The traversable route length is used to prioritize the
closest task R∗ respective to the robot’s position. To ensure
safe navigation in the scene, we segment the global path and
compute and execute the new traversable route over MC .
To generate a pathways graph, we adapt the implementation
presented in [10]. If an inspection task is evaluated to be
unreachable or within collision region, we update the task
order and proceed to the next valid task. Though this work
uses total traversable distance as the primary weighting
metric to rank candidate tasks, the framework is objective-
agnostic and can incorporate alternative or additional criteria
to improve decision-making.
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Fig. 4. A visual schema of the proposed adaptive inspection planning approach in uncertain environments.

Once at target position, the effective visiting tour Z∗, is
computed from Z. This is solved as a Simulated Annealing
Travelling Salesman Problem (SA-TSP) [11]. As the robot
starts the tour, we extract a corresponding subset of the
global inspection path ΠkGV P = {x∗

k}
k+N
k |x∗k ∈ Z∗. In order

predict the local inspection path ΠkLV P , we utilize ΠkGV P to
guide the view plan generation in (1). The predicted inspec-
tion path is then computed by recursively evaluating (1) with
the updated position over the prediction horizon N . We then
compare this segment against the locally planned path ΠkLV P
to assess the validity of Z (refer Fig 4(c)). Since ΠkLV P
is derived from instantaneous point-cloud measurements
(see (1)), morphological changes in the inspection surface
directly influence its geometry. As a result, ΠkLV P adapts
to the current environment and deviates geometrically from
ΠkGV P .

We model this deviation by computing the Fréchet distance
(FD ∈ R+) between the two paths. We integrate this measure
of similarity as Γs ∈ R+|Γs = [0, 1] as defined in (3).

Γs =
1

1 + FD(ΠkGV P ,Π
k
LV P )

(3)

where, FD is modelled as presented in [12].
Higher values of Γs indicate greater deviation between the

global and local paths, implying increased environmental un-
certainty compared to the prior map MH . To adapt planning
in the presence of such uncertainty, we define a threshold
Γt ∈ R+, above which the local path ΠkLV P is considered
as the candidate path to be tracked for the current inspection
task.

Although Equation (3) does not quantify uncertainty ex-
plicitly, the similarity metric Γs offers an indirect measure
of discrepancy in the environment, as path deviations reflect
local changes in surface morphology. This introduces the
challenge of keeping the inspection effort confined to the
originally defined inspection region R∗. To reconcile the
updated local plan ΠkLV P with this region, we leverage an
approximated global path Π̂GV P to guide the replanning ef-
fort via the Kabsch method [13] (refer Fig 4(d)). Equation (4)
presents the optimal alignment used to reproject ΠkGV P in
case where Γs > Γt.

Π̂GV P =

{
U∗ΠkGV P + t∗ , if Γs > Γt,

ΠkGV P , otherwise
(4)

where, the optimal rotation matrix U∗ ∈ SO(3) and the
translation vector t∗ ∈ R3 are the rigid transform obtained
from the Kabsch method applied to align ΠkGV P to ΠkLV P .

Finally, the reference view plan is fed to a nonlinear model
Predictive Controller (nMPC) [14], where the first view pose
is tracked and the process (1)-(4) repeats until the inspection
task is completed. We consider the completion criteria as the
robot tracking the global visitation tour Z∗, either directly or
through approximation. The pseudocode of the above process
is provided in Alg 1.

Algorithm 1: Adaptive Surface Inspection
Input: MH , α, β, γH , γV , dview
{R} ← DefineInspectionTask(MH)
{Z} ← GenerateGlobalViewPlan({R})
R∗,Z ← EvalInspectionTasks({R}, {Z})
NavigateToTask(R∗)
if not isCollisionFree(Z) then

UpdatePlan(Z)
Z∗ ← ComputeVisitingTour(Z)
ΠkGV P ← ExtractGlobalSegment(Z∗)
ΠkLV P ← PredictLocalPlan(X̂k

odom,P
k,ΠkGV P )

Γs ← ComputePathSimilarity(ΠkGV P ,ΠkLV P )
if Γs > Γt then

Π̂kGV P ← ComputeAlignment(ΠkGV P ,ΠkLV P )
nMPC← ExecuteTracking(ΠkLV P )
CheckThreshold(Π̂kGV P ) yout

else
nMPC← ExecuteTracking(ΠkGV P )
CheckThreshold(ΠkGV P )

k + 1← k

IV. SETUP AND EVALUATION

The evaluation of the proposed methodology is carried out
in real-world underground mines (refer Fig 5). We evaluate
along two fronts: (i) task-level inspection performance with
the proposed hierarchical planner, and (ii) adaptivity to
static and dynamic environmental uncertainty (e.g., surface
evolution and newly introduced obstacles). To measure the
quality of observation from a viewpoint, we consider the
angle of incidence subtended per-pixel normal to the camera
view direction. We follow the method similar to the one
presented in [15] to estimate the surface normal from the
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Fig. 5. A visualization of the subterranean environment.

depth image. Subsequently, the viewpoint utility is computed
as the mean of the cosine of the surface incidence angle,
computed per valid pixel from the depth image. Throughout
the runs, we consider dview = 2m, γH = 0.6, α = 69.5◦,
β = 45◦ and Γt = 0.5.

The architecture is evaluated onboard Boston Dynamics
(BD) Spot quadruped robot equipped with Orbbec Gem-
ini2XL stereo-camera, Vectornav VN-100 Inertial Measure-
ment Unit (IMU) and Ouster OS-0 3D LiDAR. We use Intel
NUC embedded computational board running ROS Noetic
and Ubuntu 20.04. We use Voxblox [16] for 3D mapping. All
planning tasks are evaluated on the onboard computational
unit, from loading prior map to defining and evaluating tasks
and finally executing inspection of the desired inspection
regions.

V. RESULTS AND DISCUSSIONS

Figure 6 presents a collage of the steps taken by the hier-
archical framework during deployment onboard BD SPOT in
real-world subterranean mine. Fig 6(a) presents the loading
of the historical map MH from a previous run. The inspection
tasks {R} are then defined within MH and the global view
plan {Z} is computed (refer Fig 6(b)). Figure 6(c) visualizes
the global traversable pathway computed for each task over

MH . Figure 6(d) visualizes these color-coded paths based
on the total traversable distance from the robot’s current
position. Once the candidate task is evaluated, the planner
proceeds to segment, recompute and execute an updated path
to R∗ over MC .

Fig. 7. A visual collage capturing the inspection behaviour for region R1.

Figure 7 and 8 present a nominal scenario with inspection
performance for the region R1. The task was completed in
30 seconds with the planner evaluating Γs below the defined
threshold value of 0.5 (refer Fig 8(middle)). As such, the
planner followed the global plan Z∗. This is reflected in the
profile of the predicted local inspection path (refer Fig 7(b))
aligning with the global view plan during the inspection of
R1. The viewpoint utility, defined earlier in Sec IV, records
an average value of 0.71, with values closer to 1 indicating
better orientation of the camera sensor towards the local
surface.

For the case of addressing inspection of evolving surface
morphology, Fig 9 and 10 captures the adaptive nature of the
proposed methodology. Figure 10(a) presents the historical
map built in a previous run. To simulate evolving surface

Fig. 6. A collage highlighting the initial steps of the proposed hierarchical inspection framework during real-world deployment in a subterranean mine.
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Fig. 8. Inspection performance recorded for R1.

morphology, we modify the scene to reflect a receding sur-
face effect. The highlighted section in Fig 10(a) captures the
introduced objects in the scene. Once MH is built, we remove
the objects to simulate a receding surface. Figure 10(b)
presents the inspection region definition and subsequent
computation of the global view plan. Since only a single
task is defined in this scenario, the planner computes the
single global pathway to the task upon mission initialization
(refer Fig 10(c)).

In terms of quantitative analysis, Figure 9 captures the per-
formance metrics during inspection. Particularly, the adaptive
behaviour is reflected in the quick maintenance of desired
viewing distance as the robot starts tracking the global view
plan due to the shift in the registered surface from MH . This
is brought into effect due to the higher Γs score evaluated
during inspection. From t = 20s, the Root Mean Square
Error (RMSE) between the global view plan path ΠGV P
and the predicted local path ΠLV P before Kabsch alignment
and the RMSE between Π̂GV P and ΠLV P after Kabsch
alignment begins to converge. This indicates that the robot is
moving towards inspection of a surface present in both MC

and MH . The small rise in the maintained viewing distance
at 35s is due to the robot recapturing the global view plan
since Γs drops below the defined threshold.

Figure 12 presents the adaptive inspection executed for
the above scenario. In Fig 12(a), the robot’s start position is
highlighted alongside the main geometric difference between
MH and MC . The removed objects leave behind previously
unmapped regions in MH . From Fig 12(a)- 12(d), the adap-
tive nature of the proposed methodology is shown. Once the

Fig. 9. Inspection performance recorded for the scenario of inspection
under evolving surface morphologies.

mission starts, the planner immediately replans an updated
route to meet the desired viewing constraints. This process
recurses until the estimated deviation between the predicted
and global view plan drops below the defined threshold.
Consequently, the robot starts tracking the global tour (refer
Fig 12(e)).

We compare the performance of the proposed framework
against a baseline method under environmental uncertainty
to highlight the improvements in view quality obtained. For
baseline, we consider the robot tracking the global tour
directly without the adaptive replanning. Figure 11 captures
the inspection behaviour without adaptive replanning. Con-
trasting against the results obtained in Fig 9, we can directly
infer that the adaptive approach maintains a higher viewpoint
utility score once the replanning starts. Furthermore, the
proposed methodology rapidly attempts to close the offset in
the viewing distance and drops below the threshold distance
in 15s.
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Fig. 10. A visual representation of the initial inspection setup demonstrated for modified surface morphology.

Fig. 11. Inspection performance metrics recorded for a non-adaptive
inspection strategy under environment uncertainty.

VI. CONCLUSIONS AND FUTURE WORKS

In this work, we presented a novel approach for rou-
tine inspection in uncertain environments. Specifically, we
demonstrated an adaptive inspection planning framework
capable of responding to evolving surface morphologies.
We showcase our work through real-world deployments.
Our method integrates a hierarchical planning structure that
combines global task definition and view planning with a
reactive local layer, enabling effective adaptation to dynamic
surface conditions. Through the evaluated scenarios, we
demonstrate the benefits of an adaptive planning approach
to address environment uncertainty in a single mission. We

also showcased the improvement in view quality achieved
by our approach compared to a non-adaptive baseline.

For future work, we aim to extend the proposed method-
ology to multi-agent systems for large-scale inspection mis-
sions. Additionally, we plan to conduct more extensive
field evaluations in diverse and unstructured environments
to ensure robust, environment-agnostic performance.
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