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Abstract

Effective autonomous disinfection in healthcare and office environments requires
a precise balance between disinfectant coverage uniformity and operational effi-
ciency. Unlike traditional full-coverage methods that rely on room saturation, this
paper introduces a system-integrated framework that leverages a physical deposi-
tion model to drive an optimized trajectory-planning strategy. The methodology
identifies critical disinfection keypoints via spatial analysis and sequences them
using a constrained Traveling Salesman Problem (TSP) tailored to the robot’s
navigable space. The core innovation lies in a unified mathematical architecture
that decouples the robot’s navigation path from the disinfection target trajec-
tory through B-Spline representations. By integrating an anisotropic Gaussian
model to account for the disinfectant’s spatiotemporal behavior, the frame-
work enables independent optimization of robot mobility and spray orientation.
This architecture provides real-time adaptability to environmental constraints
by allowing independent control of navigation and nebulization without the need
for computationally expensive replanning. The framework was validated through
experimental trials in real-world indoor scenarios using a custom-built robotic
platform. Results demonstrate a markedly more uniform disinfectant distribution
on target surfaces, with concentration variability reduced from approximately



25% to 6%, underscoring that room saturation does not inherently ensure
concentration homogeneity across specific points of interest. Furthermore, the
methodology reduces execution time by nearly 50% and decreases disinfectant
consumption by more than 40% compared to a brute-force strategy.

Keywords: Coverage Path Planning, B-Spline Trajectory Optimization, Constrained
Traveling Salesman Problem, Autonomous Disinfection Robots

1 Introduction

In healthcare environments, effective disinfection is crucial for preventing infections
and maintaining a safe environment for patients and staff. Different disinfection
technologies are used in autonomous systems, including UV-C radiation and hydro-
gen peroxide aerosol. Compared to UV-C, hydrogen peroxide nebulization offers the
advantage of reaching exposed and hidden surfaces by dispersing through the air.
While this method is effective, achieving optimal dispersion and maintaining the cor-
rect HoOsy concentration can be challenging in complex environments. Traditional
peroxide-based strategies often rely on a fixed-position fogging device that saturates
the entire room volume to achieve microbial neutralization. However, this brute-force
room-saturation approach is inefficient, leading to prolonged operational times, exces-
sive use of hazardous disinfectants, and extended periods when treated areas must
remain unoccupied. To mitigate these limitations, recent efforts have explored the use
of mobile robots capable of navigating the environment to deliver disinfectant to spe-
cific target regions. This setting introduces the challenge of trajectory design, where
the robot must visit and orient towards localized targets while ensuring adequate expo-
sure, process homogeneity, and operational efficiency. Initial improvements focused
on modeling the disinfection process to refine coverage strategies [1]. This trend is
mirrored in related fields, where continuous trajectories modulate robot motion (e.g.,
speed profiles) to guarantee the required dose delivery [2], and advanced methods use
GPU acceleration or linear programming to optimize dosage with precision and occlu-
sion awareness [3, 4]. More recently, neural-based strategies have shown promise for
adaptive planning in cluttered environments [5]. Despite their sophistication, these
dosage-centric methods do not explicitly model the complex spatiotemporal distri-
bution of an aerosol. Other general Coverage Path Planning (CPP) strategies, while
highly developed, are also ill-suited. Techniques like dividing environments into planar
patches [6], designing energy-efficient paths [7], or using frequency-domain analysis for
precision [8] focus on geometric or kinematic optimization, not the physical behavior
of the disinfectant. Similarly, algorithms developed for multi-robot systems, such as
those for distributed line coverage [9], hierarchical exploration [10], or decentralized
task allocation [11, 12], are designed for different scales and objectives, introducing
unnecessary computational overhead for a single robot operating in a constrained
indoor space. Rather than relying on generic coverage, the challenge of autonomous
disinfection is more accurately framed as a specialized case of persistent monitoring



and area coverage. As discussed by [13], minimizing uncertainty in environmental mon-
itoring requires an optimized balance between trajectory speed and sensor dwell time.
In the context of aerosol-based disinfection, this translates to maintaining a consistent
concentration gradient, similar to the precision requirements found in autonomous
agricultural spraying systems [14], where machine vision and nozzle control are inte-
grated to minimize chemical waste while ensuring total coverage. To address these
limitations, this paper introduces an adaptive trajectory planning methodology tai-
lored for autonomous aerosol-based disinfection. Our core innovation is a framework
that defines the robot’s navigation path and disinfection trajectory (i.e., the control of
the aerosol release parameters) within a unified mathematical structure. This allows
them to be modeled and optimized independently, yet executed as a single, seamless
motion. By modeling aerosol distribution across target surfaces, our approach elim-
inates the need for room saturation and instead focuses on efficiently achieving a
desired concentration profile. This integration provides the real-time flexibility needed
to adapt to dynamic environments and operational constraints without requiring com-
putationally expensive replanning, thereby minimizing disinfectant usage, reducing
operational time, and accelerating the safe re-entry of personnel into the treated space.

2 Setup description

The disinfection robot is designed with a mobile base, as shown in Fig. 1, that incor-
porates two traction wheels and a pivot wheel, allowing it to maneuver along straight
lines and curved trajectories. The robot operates within the ROS (Robot Operat-
ing System) framework, specifically using the NAV2 stack, which integrates mapping,
localization, and obstacle avoidance, allowing the robot to adapt dynamically to its
surroundings. For these operations, the robot employs a rotating LiDAR sensor posi-
tioned at the base level. This sensor continuously scans the environment to construct
a 2D occupancy grid map, which is stored as an image representation (an example of
which is shown in Fig. 2a) and used by the robot for navigation and planning. Serving
as the basis for trajectory planning, the environment map is preprocessed to extract
essential spatial features, such as the environment’s geometry and obstacle locations,
to define the robot’s navigable space (Fig. 2b). Disinfection targets are identified using
data from a stereo camera with an integrated LiDAR module, which detects surfaces
within a specified height range. This spatial information is then merged with the pre-
processed environment map to generate the disinfection target map (Fig. 2c¢). The
combination of these datasets enables the robot to compute trajectories that account
for both the environment’s physical layout and the specific zones requiring disinfec-
tion. Mounted atop the mobile base, a rotating platform supports the nebulization
unit, allowing the nebulizer to orient independently of the robot’s movement. The unit
includes ten ultrasonic nebulizers that atomize hydrogen peroxide into micrometer-
scale droplets and a fan system that adjusts aerosol dispersal distance based on its
speed.



Fig. 1 Robot prototype

3 Proposed Methodology

The architecture of the proposed trajectory generation framework follows a decoupled
approach, as illustrated in Figure 3, which independently processes the navigation
and disinfection domains before synthesizing them into a unified multi-dimensional
trajectory. The process begins with integrating environmental occupancy grids and
disinfection target data through a preliminary spatial analysis to identify naviga-
ble areas and establish safe operational boundaries. Following this, the framework
branches into two parallel geometric pre-processing pipelines: the navigation domain
focuses on computing the Robot Maximal Enclosing Path (RMEP) to ensure collision-
free movement, while the disinfection domain extracts localized target keypoints and
groups them using the DBSCAN clustering algorithm to define distinct treatment
zones. Once these geometric baselines are established, both domains undergo a task-
specific optimization phase. The RMEP is refined through boundary and waypoint
adjustment to optimize approach maneuvers, while the keypoint sequence is ordered
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Fig. 2 Map definitions needed for the robot trajectory computation. (a) Environment map, (b)
Preprocessed map, (c) Target map
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Fig. 3 Flowchart of the algorithm. Icons made by Freepik from www.flaticon.com

by solving a constrained Traveling Salesman Problem (TSP) to identify the most effi-
cient traversal path. In the synthesis phase, these optimized components are merged
into a unified 4D B-Spline representation. This multi-dimensional architecture enables
the simultaneous control of the robot’s pose and the nebulizer’s orientation within a
single, continuous mathematical structure. Finally, a simulation-based exposure eval-
uation is conducted to verify disinfectant coverage and spatial homogeneity. In this
phase, maintaining a constant robot velocity is enforced as a critical kinematic con-
straint to preserve the ratio between the platform’s speed and the aerosol flow rate,
thereby ensuring an even disinfectant layer [8].

4 B-Spline Representation for Navigation and
Disinfection

To ensure the efficient execution of both navigation and disinfection processes, we
approximate their trajectories using B-Spline curves. B-Splines provide a computa-
tionally efficient and flexible representation that ensures smooth, continuous motion
while minimizing curvature variations, making them particularly suitable for real-time



robotic applications [15]. They can also be optimized to improve trajectory smoothness
and reduce execution time [16]. This approach has been widely adopted in trajectory
planning for autonomous systems, including obstacle avoidance and high-speed path
traversal [17]. By modeling both the robot’s motion and the disinfection path using
B-Splines, a robust and adaptable trajectory formulation can be achieved, regardless
of navigation deviations. Mathematically, the two trajectories are defined as:

N
r,(t) = ZPiBLK(taUn); t € [to, tm)] (1)
1=0
M
I'd(S) = ZQ]B],K<S7Ud)7 s € [5075771] (2>
j=0

where:

e r,(t) represents the navigation trajectory with control points P; and knot vector
Up = {tno0,- - Un NyK+41}-

® ry(s) represents the disinfection trajectory with control points Q; and knot vector
Ud = {ud,0 -, Ud,M+K+1}-

® B, x(t,Uy) and Bj; i (s,Uy) are the B-Spline basis functions of degree K.

® { and s are independent parameters for navigation and disinfection, respectively.

The trajectory definition using a B-Spline representation starts by selecting significant
vertices to construct a sequence of Bézier curves following the methodology described
n [18], then concatenating them to generate a unique B-Spline. The single segments
are classified as linear or curved based on geometric continuity constraints. As demon-
strated in [18], the G? continuity of the individual Bézier curves can be preserved
after the concatenation by imposing at the junctions of successive spline segments the
following constraints:

Dry(se) = Dry(ss), D?*rq(sc) = D*rg(ss) (3)

where s; and s, represent a segment’s starting and ending parameters. This guar-
antees that both velocity and acceleration transitions are smooth, preventing abrupt
changes. Finally, to achieve a constant-speed execution of the B-Spline trajectories,
the knot vectors are redefined through arc-length-based sampling to ensure constant
speed when the spline is traversed at uniform temporal intervals. Instead of using
explicit computation or inversion of the arc-length function, a sequence of points along
the curve spaced at equal distances has been extracted, and normalized parameter
values have been assigned accordingly [19, 20].

4.1 Unified B-Spline parametrization of Navigation and
Disinfection Trajectories
To ensure the seamless and synchronized execution of both navigation and disinfection

processes, the two B-Spline trajectories are reparametrized into a single unified B-
Spline. This approach ensures a precise alignment between the two processes while



simplifying the trajectory representation. The reparametrization process begins by
adapting the length of the knot vector of the disinfection trajectory to match that of
the navigation trajectory:

Uq
U = —"— vy (4)
Ud M+K+1

Subsequently, a knot insertion is performed on both B-Splines to unify their knot
sequences, ensuring compatibility for merging (same degree and common knot vector
U). The final 4D trajectory is then constructed by pairing the control points index-wise
and stacking them into a single control-point sequence C; = [Prvi,RM,Qm,QW]T,
while using the unified knot vector U, obtaining:

L

r(u) =Y CpBux(u,U), u€ [ug,up] (5)
k=0

where L denotes the number of control points after knot unification. By applying a
knot reduction after merging, the resulting B-Spline becomes more compact, computa-
tionally efficient, and easier to execute. The B-Spline trajectory is now parameterized
to yield four components:

r(u) = [zn (), yn(u), za(w), ya(w)] (6)

where X, = [z, (u), y,(u)] are the coordinates of the navigation trajectory and Xy =
[xa(u), ya(u)] are those of the disinfection target trajectory.

5 Robot trajectory evaluation

To plan the robot’s trajectory, the algorithm starts by extrapolating from the map
the isolated areas representing a specific disinfection target. Each area is approxi-
mated using a convex polygon, which simplifies the generation of smooth, collision-free
trajectories and reduces the chances of the algorithm getting stuck in local minima
[21]. Next, the robot’s physical dimensions and the nebulizer jet’s reach are used to
define a navigable safety area around each polygon. In practice, the surroundings of
the polygon are evaluated in three safety boundaries, as shown in Fig. 4a: the Inner
Safety Boundary (ISB, in red), which ensures collision avoidance; the Optimal Spray-
ing Boundary (OSB, in yellow), representing the ideal nebulization distance; and the
Maximum Spraying Boundary (MSB, in green), indicating the furthest range the spray
can effectively reach. The combination of these three boundaries defines the safety
zone (blue area), within which the robot can navigate around the target. From the
safety area, an open or closed polyline is extracted by selecting the portion closest to
the disinfection target, representing the initial trajectory candidate for the robot. An
offset operation is then applied to this path, ensuring the robot maintains an optimal
distance from the disinfection target and, at the same time, helping smooth out sharp
corners, as illustrated in Fig. 4b and Fig. 4c. Finally, the vertices of this processed
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Fig. 4 Robot maximal enclosing path (RMEP) representation in different scenarios.

path are used to generate a B-Spline curve (as described in section 4), which defines
the robot’s maximal enclosing path (RMEP) around each different disinfection area.
This initial path offers a flexible basis that can be adapted to specific disinfection
process constraints, such as minimizing the overall path length or avoiding restricted
zones within the environment. Such adaptations can be implemented by adjusting the
B-Spline trajectory by redefining its start and end points, while ensuring the robot
maintains a constant speed during operation. The use of convex approximation in poly-
gon generation directly affects the final robot trajectory, leading to situations where
the robot is far from the disinfection area, as shown in Fig. 4d and Fig. 4e. This must
be taken into account in the mechanical sizing of the nebulizer, ensuring that the jet



can reach even the greatest distances, or it must be introduced as an optimization
parameter for the robot’s scaled trajectory.

6 Nebulization trajectory evaluation

(a)

(d)

Fig. 5 Example of nebulization trajectory generation. (a) Placement of key points for coverage path
planning; (b) TSP-based trajectory covering the RMEP; (c) TSP-based trajectory limited to a subset
of the RMEP; (d) B-Spline representation of the disinfection trajectory based on the RMEP; (e) B-
Spline representation of the disinfection trajectory based on a partial RMEP.

This section outlines the methodology used to generate the nebulization trajectory
to achieve uniform and complete disinfection of designated target areas. The process
consists of structured steps that ensure both geometric coverage and feasibility for
robotic execution. Initially, keypoints are identified along the perimeters of the target
regions. These points are selected based on the spatial distribution of the surfaces
to be disinfected and the nebulizer’s effective range. Their purpose is to guide the



robot along a path that maximizes aerosol exposure over critical areas. Subsequently,
the keypoints are connected through a graph-based representation, and the optimal
visiting sequence is computed by solving a Traveling Salesman Problem (TSP). This
optimization step minimizes the overall trajectory length while ensuring full keypoint
coverage.

6.1 Keypoint selection

The objective is to determine a set of keypoints (z;,y;) such that a set of circles
with radius r maximizes the coverage of the accessible target area while minimizing
the number of placements. Let Ajpnitial(4,7) € {0,1} denote a binary occupancy map
defined on a discrete spatial grid, where:

1, target area to be disinfected

Ainitial (1, J) = { (7)

0, external area.

For each candidate grid cell (¢, ), a coverage score is computed as:

CGj)= Y, Alpa), ®)

(p,q)EBr(4,5)

where B,.(7, j) denotes the discrete circular neighborhood of radius r centered at (i, j):

B,(i,5) = {(p,q) | (0 —9)* + (¢ — §)* < 7*}. (9)
At each iteration, the keypoint maximizing the coverage score is selected:

(i*,5%) =argma})<0(i,j)- (10)
,]

After selecting (i*,j*), the covered region is removed from the remaining target area
by updating the binary map as:

Anew(iyj) = Aold(iaj) ! (1 - HBT(Z*,J*)(ZaJ)) 3 (11)

where [ g denotes the indicator function of the circular region. The iterative process
continues until the fraction of uncovered area satisfies:

Zw‘ A(ZJ.) _ < (12)
Zi,j Ainitial(la ,])
where € defines the stopping threshold. In this work, € is typically set to 5%. To fur-
ther reduce redundancy and improve spatial homogeneity, the selected keypoints are
clustered using a DBSCAN algorithm with a distance threshold equal to the radius 7.
This step merges nearby keypoints into representative clusters, optimizing their distri-
bution without affecting coverage quality. Fig. 5a shows an example of the keypoints
placement based on a specific target area.
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6.2 Coverage Guarantee with Greedy Approximation

The keypoint placement strategy employs a greedy approach to maximize the coverage
of the target area. While the general coverage problem is NP-hard, the specific coverage
function C' is non-negative, monotone, and submodular. Consequently, the greedy
algorithm provides a provable approximation bound of (1 — %) ~ 63% of the optimal
solution, as established by Nemhauser [22]:

o5 2 (1- 1) €l (13)

where S* is the set of keypoints selected by the greedy algorithm, and S,p is the opti-
mal set. This theoretical bound is particularly relevant for the proposed framework
for two main reasons. First, it ensures that the selected keypoints achieve a constant-
factor approximation of the optimal coverage without the computational overhead of
global optimization. Second, since the coverage integrity is established at the keypoint
level, the validity of the disinfection sites remains invariant to subsequent path modifi-
cations. Whether the continuous trajectory is altered by energy constraints or by local
obstacle avoidance, the fundamental coverage guarantee is preserved. This mathemat-
ical property justifies the proposed decoupling strategy, enabling real-time navigation
adaptations without recomputing the global coverage plan.

6.3 Optimization of Keypoint Traversal Sequence

The sequencing of disinfection keypoints is optimized using a variant of the Traveling
Salesman Problem (TSP) formulation, where the first and last nodes are fixed. To align
the keypoints visitation sequence with the robot B-Spline motion path, the keypoints
closest to the initial and final positions of the trajectory are identified by minimizing
the Euclidean distance d((z,y),r,(t)), between the keypoints and the start and end
of the B-Spline curve (Eq. 1):

(xstarta ystart) = arg min d((!l?, y)7 Tn (tO)) (14)
(w,y)eC
(xenda yend) = arg min d((xa y)a 7nn(tm,)) (15)
(zy)eC

Once the start and end points are fixed, the remaining keypoints are ordered by solving
a TSP with constrained endpoints. We adopt the Held-Karp dynamic programming
algorithm to minimize the total traversal cost:

N—-1
n;in Z d(cﬂ(i), Cw(i+1)) (16>
=1
subject to:
7'(-(1) == (xstartaystart)a ﬂ-(N) = (xend7yend) (17)
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where 7 is a permutation representing the keypoint visitation order, and C,T(i) indicates
the i-th keypoint in the optimized sequence. The resulting ordered set of points defines
the sequence:

P = Oﬂ(l)? Cﬂ(2)7 ey Cﬂ'(N) (18)
which serves as input to the final B-Spline interpolation, resulting in a smooth, exe-
cutable trajectory for the disinfection process, as described in Eq. 2. A key advantage of
this method is its modularity; once the disinfection keypoints have been computed and
ordered, e.g., using the maximal enclosing path to define the start and end positions
(Fig. 5.b), the robot trajectory can be reshaped (e.g., shortened, smoothed, or adapted
to dynamic constraints) without modifying the keypoints themselves. This decoupling
between keypoint placement and disinfection path generation enables iterative refine-
ment of the robot’s motion plan, even using a subset of the original trajectory. For
instance, Fig. 5.c shows a case where only half of the planned path is used. Such
flexibility allows the system to adapt to environmental changes in scenarios involv-
ing real-time constraints or energy limitations. Moreover, this approach enables better
connections between multiple trajectories from different target areas by optimizing
the start and end points of the robot’s motion. Since disinfection coverage is intrinsi-
cally encoded in the keypoint placement, process reliability is preserved regardless of
the specific path optimization strategy. The only trade-off is the need to adjust the
robot’s speed based on the total path length.

7 Simulation-Based Evaluation of Nebulization
Trajectories

After computing the final B-Spline trajectory that connects the ordered disinfection
keypoints (see examples in Fig. 5.d and Fig. 5.e), the next step is to simulate aerosol
dispersion along the trajectory to evaluate the effectiveness of the disinfection process.
To do that a model of the peroxide aerosol distribution is required first.

7.1 Emulation of the Nebulization Process

Hydrogen peroxide aerosol distribution and deposition are simulated to model the
nebulization process using a Computational Fluid Dynamics (CFD) pre-analysis (Fig.
6a). This simulation helps us understand the behavior of the aerosol jet upon injection
and its resulting deposition on the target surface (Fig. 6b). Analysis of the spatial
distribution from these simulations confirmed that the complex deposition pattern
can be approximated by an unnormalized anisotropic Gaussian distribution of flow

density:
(x—p2)®  (y— py)?
G(IE, y) =€exp | — 202 - 20_2 (19)
@ Y

where:

® iz, iy are the means along the x and y axes, assumed to be zero in our case;
® 0,,0, are the standard deviations along the x and y axes;
® (x,y) are the coordinates in the two-dimensional space.
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Fig. 6 Model of aerosol spatial distribution

This approximation is supported by its proven effectiveness in modeling aerosol dis-
persion in industrial contexts, with strong agreement to experimental data [23, 24],
aligning with recent probabilistic coverage and search approaches that employ Gaus-
sian and kernel-based modeling to improve efficiency and precision. It is further
validated in biomedical and indoor aerosol studies, where Gaussian models consis-
tently capture symmetric deposition patterns while accounting for turbulence and
inertial dynamics [25-27]. To integrate the deposition model within the robot navi-
gation and mapping framework, the continuous kernel is discretized using the same
spatial scaling factor s (m/pixel) adopted for the LiDAR-based occupancy map. A
finite computational window is defined by truncating the kernel at +ko, resulting in

a discrete support of N, = 2 [%W +1and Ny =2 me" + 1 (in pixels), where k is a

S
numerical truncation factor used to limit the Gaussian distribution. In this work, k = 2
is adopted, corresponding to a truncation that retains the dominant portion of the
spatial distribution. The physical coordinates associated with each discrete cell (i, j)
Ny—1
P
kernel is obtained by sampling the continuous model:

are defined as x; = (z - %) s and y; = (j — ) s and the discrete deposition

Kij = G(x4,y;) (20)

The discrete deposition kernel is scaled by the peak nebulization flow rate C'peak
(ppm/s), defining the local concentration deposition rate:

C(i7j7 t) = Opeak Ki,j e_t/T (21)

where 7 denotes the effective decay time constant accounting for chemical decomposi-
tion and evaporation phenomena and t denotes physical time expressed in seconds. The
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cumulative deposited concentration at each spatial cell is obtained by time integration
of the deposition rate:

Cli,j.t) = / G, j.€) de. (22)

In the numerical implementation, the integration is performed in discrete time using
the same sampling interval adopted for the robot motion planner. Although C(i,j,t)
does not describe the instantaneous airborne concentration, it represents the cumula-
tive deposited dose resulting from the nebulization process. This formulation captures
the dominant spatial-temporal effects of aerosol propagation while enabling the
explicit integration of exposure constraints within the motion planning framework.

7.2 Exposure simulation and velocity tuning

Fig. 7 Disinfection simulation in different step moments based on RMEP: (a) 3.8%, (b) 15.4%, (c)
75%, and (d) 99.9%

Fig. 8 Disinfection simulation in different step moments based on partial RMEP: (a) 7.5%, (b) 23%,
(c) 74.5%, and (d) 98.2%

Given the peroxide aerosol distribution model introduced above, we simulate the
nebulization process along the planned trajectory to estimate the spatial distribution
of delivered dose on the target and tune the robot velocity to satisfy a minimum
exposure requirement. The same target example is shown in Figs. 7 and 8, illustrat-
ing intermediate simulation steps for two different trajectory optimizations; different
shades of blue represent the progressive accumulation of dose over time. Given the
parametrized disinfection trajectory rq(s), with s € [sg, S|, the emission position at
each time step is q(s) = [z4(s),ya(s)]. At each position, the discretized kernel K; ;
is placed on the environment grid and scaled according to the deposition rate model

C(i,7,t), which is integrated in time (Eq. 22). This yields a cumulative exposure (dose

14



proxy) map E(q) defined on Qgarget. To ensure effective disinfection, the exposure
must reach at least the minimum required threshold F,:

E(q> > Enin, VqE€ Qtarget (23)

where Qiarget C R? denotes the set of spatial positions corresponding to surfaces that
require treatment, discretized for simulation purposes. Given this requirement, the
simulation evaluates whether the selected velocity v guarantees adequate exposure.
If £(q) < Emin for any q € Qarget, the speed is changed iteratively using a binary
search strategy to identify the maximum admissible velocity that satisfies the exposure
criterion and respects speed maximum and minimum constraints.

8 Trajectory execution method

(b)

Fig. 9 Example of trajectory adaptation for obstacle avoidance. (a) Planned trajectory based on
initial computation. (b) Corrected trajectory after deviation due to an unforeseen obstacle.

In complex environments with many systems to manage, discrepancies in update
frequency can arise between the trajectory target and the nebulizer control. While
navigation remains largely unaffected, lower update rates for the disinfection trajectory
may result in inconsistencies in area coverage or peroxide deposition. To mitigate
this challenge, the execution framework employs a decoupled approach, continuously
estimating the robot’s position X, = [z,., y,] along the navigation trajectory by solving



an optimization problem that minimizes the Euclidean distance:
u* = argmin | X,, — X,| (24)
u

Once the corresponding parameter is identified, the disinfection target position is
extracted from the same unified B-Spline representation as Xg(u*). This method
guarantees robustness against deviations from the initially planned trajectory, as dis-
infection targets are dynamically recalculated based on the robot’s current position.
This mechanism is illustrated in Fig. 9(a), where the planned trajectory is depicted.
When deviations occur, as shown in Fig. 9(b), the system compensates by adjust-
ing the nebulization parameters, specifically the direction 8 and the power level p,
as a function of the robot’s current position, its velocity, and the processed target
trajectory:

P =[0,p] = f (X0, X, Xa(u")) (25)
From a computational perspective, the proposed execution strategy differs from
optimization-based replanning approaches commonly adopted in coverage and clean-
ing robotics. For instance, [28] relies on a receding-horizon optimization framework,
in which trajectory updates require repeated solutions of constrained optimization
problems, leading to replanning cycles typically on the order of seconds. In contrast,
the proposed method does not perform online trajectory optimization. Execution-time
adaptation is obtained through geometric spline projection and direct evaluation of
the associated disinfection trajectory. Since this update reduces to a nearest-point-
on-curve computation based solely on the current robot pose and precomputed spline
coefficients, the computational complexity of the online module remains constant and
independent of the environment size or coverage resolution. This allows the system
to compensate for execution deviations while preserving the structure of the offline-
optimized plan and maintaining the required exposure conditions across the target
area. Compared to approaches based on learned motion policies for uncertain environ-
ments [29] or tree-based next-best-trajectory generation [30], the proposed framework
achieves adaptive behavior through an explicit geometric and physical formulation.
This results in reduced algorithmic complexity and improved execution predictability,
while avoiding the need for stochastic policies or online search-based planning.

9 Experimental tests

This section describes the experimental campaign to identify the parameters of the
proposed deposition model and to validate the disinfection framework in represen-
tative indoor environments. Hydrogen peroxide concentrations were monitored using
proprietary, custom-developed sensors. These devices were cross-validated against a
certified reference instrument (PortaSens), ensuring high fidelity in capturing both
temporal evolution and peak concentration values.

9.1 Estimation of the Nebulization Pattern Parameters

The parameters characterizing the proposed nebulization model were experimentally
identified using dedicated hydrogen peroxide concentration sensors. A sensor grid was
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Fig. 10 Experimental setup for the spatial distribution of hydrogen peroxide concentration sensors
along the y-axis.

deployed to measure hydrogen peroxide concentrations at various spatial locations,
either arranged along the x and y axes, as illustrated in Fig. 10, or distributed in a
matrix configuration. By analyzing the temporal evolution of the measured concen-
trations (Fig. 11) and associating them with the corresponding sensor positions, it is
possible to validate the Gaussian deposition model and identify the parameters that
best approximate the real deposition pattern. In this specific configuration, the spatial
dispersion along the y axis was estimated by determining, for each sensor, the time at
which the concentration reached its maximum. The average of these peak times, tpecak
defines a common reference instant, at which the measured peak concentration values
A were fitted with a one-dimensional Gaussian function:

(y — 1)’
G(y) = Aexp | -2~ 26
(y) Xp ( 205 (26)
The fitting is performed using a non-linear least-squares method (e.g., curve_fit from
the SciPy library), allowing the estimation of both the spatial standard deviation oy
and the mean position u, of the distribution. The estimated mean position is not used
in the deposition calculations but is instead employed to relate the fan power to the
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Fig. 11 Temporal evolution of the measured concentration profiles for each sensor.

lateral displacement of the aerosol pattern. Experimental observations confirmed that
modulating fan speed induces a controlled shift of the distribution, approximately
proportional to the airflow intensity:

fhy = k‘f - Pran (27)

where Py, is the fan power and k¢ is an empirical constant determined experimentally.
As for the temporal decay constant 7, to estimate it, each concentration curve’s post-
peak phase was analyzed and fitted with the equation:

T

C(t) = Cmax - €Xp (_t_tpﬂlk> ) t > tpeak (28)

Finally, the peak nebulization flow rate C’peak can be estimated by integrating the
deposition rate over the nebulization interval T,:

Tn . .
Cmax(iaj) = C(ivjv t) dt = Cpeak Ki,j T (1 - eiTn/T) . (29)
0

It is worth noting that certain parameters, particularly 7, are strongly influenced by
environmental factors such as ambient humidity, temperature, and the initial contam-
ination level of the surfaces. As these conditions vary across deployments, the decay

behavior may change accordingly.

9.2 Experimental campaign and evaluation protocol

The validation campaign was conducted in a controlled indoor environment (Fig. 12).
All experiments were performed in the same room to maintain consistent environmen-
tal conditions while systematically varying the disinfection targets, required coverage
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Fig. 12 Experimental setup showing the test environment and the nebulization process.

percentages, and obstacle configuration. In total, several tens of experimental runs
were executed. Between trials, chairs and small pieces of furniture were repositioned
with respect to the original environment map, intentionally introducing deviations
between the planned and executed robot trajectories. This procedure allowed the
evaluation of the execution-level adaptation mechanism under realistic disturbances,
including trajectory deviations and localized airflow perturbations, without modifying
the offline planning stage. Four hydrogen peroxide concentration sensors (S1-S4) were
placed at representative locations on the target desk to evaluate both target reach and
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Fig. 13 The top part shows the temporal evolution of both simulated and measured peroxide con-
centrations at all sensor locations. The bottom part illustrates the planned disinfection trajectory
(hatched blue), its discretized navigation points (blue dots), and the robot’s path (green), overlaid
on the environment map. The expected disinfection coverage is highlighted in solid blue.

spatial homogeneity of the aerosol distribution. The disinfection trajectories were gen-
erated offline to achieve predefined exposure thresholds, typically targeting 50 ppm.
Two execution modes are compared:

e System A (brute-force): conventional room-saturation strategy implemented
with a fixed-position fogging device that releases a prescribed amount of disinfec-
tant to saturate the room air volume. The total delivered liquid is set a priori as a
function of the room volume (m?), following standard dosing practice.
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e System B (proposed): targeted strategy, where the robot executes the planned
disinfection trajectory and the exposure on the target region is evaluated through
the proposed physical model.

The bottom part of Fig. 13 illustrates a representative experimental run for Sys-
tem B, where the discretized navigation waypoints (blue dots) guarantee satisfactory
global tracking accuracy. The executed robot trajectory (green line) deviates from the
nominal path by up to approximately 30 cm in the presence of obstacles. While such
deviations are acceptable for navigation purposes, they are insufficient to guarantee
correct nozzle orientation and exposure delivery without continuous correction. This
observation motivates the execution-level adaptation strategy introduced in Section 8.
The top part of Fig. 13 reports the temporal evolution of both simulated and mea-
sured hydrogen peroxide concentrations at all sensor locations. Across repeated trials,
the simulated accumulation trends closely match the measured profiles, confirming the
capability of the proposed physical model to approximate the dynamic exposure pro-
cess. Minor discrepancies are mainly attributable to unmodeled local airflow effects
and to environmental factors such as humidity, temperature, and reactive consumption
of the disinfectant, which influence the decay phase. To quantify coverage effectiveness
and spatial uniformity, we report both map-based and sensor-based homogeneity met-
rics. Let Qqarger denote the discretized target surface (e.g., pixels/cells in the exposure
map). For each cell k € Qtarget, let i be the simulated cumulative exposure (ppm-s)
and let Ey,n be the required exposure threshold. Let S denote the sensor set and let
¢s be the measured concentration value (ppm) associated with sensor s € S (here we
use the peak value during the run). We define:

‘{k € Qtarget By > Emin}‘

PAC = -100 30
|Qtarget| ( )
. 1
PCV = 72100, pe=a Y e (31)
/‘LC ‘S‘ sES
min cg
UIDX = €2 (32)
max Cg
seS

where o, is the standard deviation of {cs}scs. Here, PCV (percentage coefficient
of variation) captures the relative dispersion of the measured concentrations, while
UIDX is a unitless uniformity index ranging in (0, 1]. For convenience, we also report
a combined homogeneity score HIDX = PAC - (100 — PCV). Table 1 summarizes the
results for the brute-force baseline (System A) and the proposed targeted method
(System B). Despite comparable mean concentration levels measured on the target,
the two approaches differ substantially in terms of spatial homogeneity and delivery
efficiency. System B achieves a markedly lower relative variability (PCV = 5.70%)
compared to System A (PCV = 24.84%), resulting in significantly higher unifor-
mity (UIDX = 0.86 vs. 0.44) and overall homogeneity (HIDX = 91.09% vs. 75.01%).
While both approaches yield high PAC values (A: expected 99.8%, B: simulated
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96.6%), these results highlight that threshold exceedance alone is insufficient to char-
acterize disinfection quality. From an efficiency perspective, the brute-force strategy

Table 1 Comparison between brute-force room saturation (A)
and proposed targeted system (B).

Metric A (brute-force) | B (proposed)
Flow rate [ml/min] 22.2 25.0
Time [s] 281 146
Area [m?] 40 4
Mean concentration [ppm] 56.14 53.05
Std concentration [ppm)] 13.74 3.02
PAC [%] 99.87 96.6%
PCV [%] 24.84 5.70
UIDX || 0.44 0.86
HIDX [%] 75.01 91.09
Total liquid [ml] 104.0 60.8
Areal dose [ml/m?] 2.60 15.2
Coverage rate [m?/min] 8.54 1.64
PAC/PCV score || 4.3 13.92

tExpected PAC under room-saturation assumption. *Simulated PAC
from exposure map.

distributes the disinfectant over a large volume, yielding a higher apparent areal
throughput (8.54m?/min vs. 1.64m?/min), but a much lower areal dose (2.60 ml/m?
vs. 15.2ml/m?). The proposed method intentionally concentrates disinfectant deliv-
ery within the target region, improving spatial homogeneity and repeatability under
execution disturbances at the cost of reduced coverage. From a computational perspec-
tive, the proposed execution strategy differs from optimization-based receding-horizon
approaches commonly adopted in coverage and cleaning robotics. For instance, the
framework presented in [28] formulates trajectory adaptation as a nonlinear optimiza-
tion problem that must be solved repeatedly online, resulting in a computational load
that depends on the adopted solver, the prediction horizon, and the platform’s capabili-
ties. In contrast, the proposed method avoids online trajectory re-optimization entirely.
Execution-time adaptation is achieved through geometric spline projection and direct
evaluation of the associated disinfection trajectory, yielding an online computational
cost primarily dependent on spline order and evaluation frequency, and independent
of environment size or coverage resolution. While a direct experimental comparison
with existing approaches is not feasible due to differences in robotic platforms and dis-
infection technologies, the obtained results can be contextualized within the broader
coverage-planning literature. Optimization-based cleaning strategies often focus on
traversal efficiency or energy minimization, for example, through genetic-algorithm
formulations operating on planar representations of the environment [31]. Similarly,
spline-based trajectory generation methods have been extensively studied to ensure
kinematic feasibility, curvature continuity, and speed adaptation within safe motion
corridors [32, 33]. In contrast, the present work explicitly integrates chemical-physical
exposure constraints into the planning process. Rather than treating disinfection as a
purely geometric or kinematic problem, a minimum exposure threshold derived from
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a physical deposition model is enforced as a first-class planning constraint, demon-
strating that physically grounded disinfection objectives can be achieved within an
execution-adaptive trajectory planning architecture.

10 Conclusion

This work presented a framework for autonomous indoor disinfection that integrates
physical aerosol modeling with adaptive trajectory planning. The methodology is
based on a unified mathematical architecture that decouples the robot’s naviga-
tion path from the disinfection target trajectory using B-Spline representations. This
decoupling, combined with a constrained Traveling Salesman Problem (TSP) formu-
lation, enables independent optimization of robot mobility and spray parameters to
maintain a consistent nebulization profile along the path. A key characteristic of this
architecture is the reduced dependency of the nebulization consistency on the specific
robot trajectory. Since the disinfection requirements are encoded as an independent
trajectory component, the system can execute partial navigation paths relative to the
maximal enclosing path without compromising the treatment efficacy. This property
potentially makes the framework a robust foundation for global multi-target opti-
mization algorithms. In such scenarios, inter-target navigation can be independently
optimized for time, distance, or energy efficiency, while the framework ensures that the
aerosol deposition profile on each localized target remains consistent and predictable.
Experimental results indicate that while volumetric saturation is an effective and com-
mon practice for treating the overall environment, the proposed targeted approach can
further enhance concentration uniformity on specific surfaces of interest. In our trials,
concentration variability was reduced from approximately 25% to 6%, while simulta-
neously decreasing execution time and disinfectant consumption by nearly 50% and
40%, respectively. Validated on a custom-built robotic platform, the proposed method
demonstrates how integrating physical constraints into the planning architecture can
contribute to more precise and efficient disinfection processes. Future developments
will focus on integrating hydrogen peroxide concentration sensors for real-time feed-
back and extending the framework to multi-target coordination in complex indoor
environments.
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environment maps, and target masks used in the analyses reported in the manuscript.
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