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Abstract— Achieving efficient and uniform coverage in
obstacle-laden unknown environments is essential for au-
tonomous robots in cleaning, inspection and agricultural op-
erations. Unlike most existing approaches that prioritize path
length and time optimality, we propose the SHIFT planner
framework, which integrates semantic mapping, adaptive cov-
erage planning, and real-time obstacle avoidance to ensure
comprehensive coverage across diverse terrains and seman-
tic features. We first develop an innovative Radiant-Field-
Informed Coverage Planning (RFICP) algorithm, which gen-
erates trajectories that adapt to terrain variations. A Gaussian
diffusion field is employed to adaptively adjust the robot’s
speed, ensuring efficient coverage under varying environmental
conditions influenced by semantic attributes. Next, we present a
novel incremental KD-tree sliding window optimization (IKD-
SWOpt) method to effectively handle unforeseen obstacles.
IKD-SWOpt leverages an enhanced A* algorithm guided by the
IKD-tree distance field to generate initial local avoidance tra-
jectories. Subsequently, it optimizes trajectory segments within
and outside waypoint safety zones by evaluating and refining
non-compliant segments using an adaptive sliding window. This
method not only reduces computational overhead but also
guarantees high-quality real-time obstacle avoidance. Extensive
experiments were conducted using drones in simulated envi-
ronments and robotic vacuum cleaners in real-world settings.
The SHIFT planner demonstrates state-of-the-art performance
in coverage uniformity and adaptability across various terrains
while maintaining very low computational overhead.

I. INTRODUCTION

The increasing reliance on autonomous robots across vari-
ous fields has highlighted the need for advanced algorithmic
frameworks that ensure both efficiency and comprehensive
coverage of the task environment [1]–[3]. However, most
existing methodologies prioritize minimizing traversal time
and path length, often overlooking the critical need for
uniform coverage and adaptability to dynamic conditions.
Applications such as surface wiping [1], uniform pesticide
spraying [2], and autonomous room cleaning [4] require opti-
mized path coverage to achieve efficient and thorough results.
Despite their widespread use, existing algorithms fail to fully
address the task-specific coverage requirements—whether
ensuring that the entire surface is cleaned thoroughly or
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maintaining accurate 3D reconstruction for inspections [5].
More comprehensive task models are essential for improving
the real-world performance of these systems.

Coverage path planning (CPP) is a fundamental problem
in robotics, aiming to determine a path for a robot to cover an
entire space [6]. Classical methods, such as Boustrophedon
Cellular Decomposition (BCD) [7] and Rapidly-Exploring
Random Trees (RRT) [8], only ensure basic coverage fea-
sibility and focus purely on geometric or kinematic aspects
in 2D or pseudo-2D spaces. Over time, more sophisticated
optimization-based CPP algorithms have emerged to balance
coverage quality with runtime efficiency and to handle large,
unstructured and dynamic environments with real-time con-
straints and challenging coverage objectives [5], [9]–[11].

However, most existing coverage algorithms rely on as-
sumptions of simplified environments, often neglecting en-
vironmental attributes and 3D morphological factors. For
instance, deformable spiral coverage algorithms in [11]
generate smooth coverage paths through Deformable Spiral
Coverage Path Planning (DSCPP), but they do not fully
account for 3D morphological surfaces or cost-based clean-
ing validation. Similarly, the trochoid-based path planning
algorithm for fixed-wing UAVs under wind disturbances
proposed in [12] focuses solely on optimizing flight time,
without considering terrain or mission-level objectives. Most
existing offline coverage planning algorithms, such as Bous-
trophedon, grid-based TSP, and contour-line-based coverage,
fail to incorporate real-time adjustments and semantic-level
costs [3]. The primitive-based path planning approach, which
utilizes path primitive sampling and coverage graphs to
optimize distance and time, also does not fully address
environmental attributes and 3D morphological factors [13].
In [9], a hierarchical decomposition approach is developed
to divide the environment into manageable subregions. How-
ever, this method lacks explicit semantic or dynamic updates,
resulting in feasible but suboptimal solutions in challenging
circumstances.

Moreover, complex dynamic environments necessitate
modern coverage strategies that can react to changes or
obstacles in real-time through local re-planning and time al-
location. In response to this requirement, [14] developed bio-
inspired neural-network-based genetic algorithms capable
of adapting coverage on-the-fly. However, these algorithms
lack considerations for path continuity and time optimal-
ity. Similarly, [10] proposed a constriction decomposition
method that focuses on time-optimized coverage and 3D
reconstruction but does not explicitly model cleaning tasks
as a function of coverage cost. Additionally, the open-source

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 22563



library Fields2Cover [15] provides a comprehensive CPP
framework with ready-to-use coverage libraries supporting
various types of curvature turns (e.g., Dubins and Reeds-
Shepp). Nevertheless, it remains limited to 2D terrain and
cannot address real-time obstacle avoidance or dynamic re-
planning of smooth paths.

In conclusion, while many notable efforts have advanced
coverage in specialized domains, the integration of 3D ter-
rain, real-time re-planning, comprehensive semantic model-
ing (e.g., dirtiness as a cost function), and dynamic obstacle
avoidance remains an active research challenge. Our work
addresses these issues by proposing a unified framework, the
SHIFT planner, which leverages a field-informed coverage
approach with dynamic attribute-based speed control and
an incremental sliding window optimization for real-time
obstacle avoidance. Unlike the aforementioned methods that
simplify 3D structures or treat complete coverage as a purely
geometric challenge, our approach utilizes both local and
global environmental attributes to regulate coverage speed
and thoroughly consider obstacles and geometric constraints.
Through the proposed RFICP and IKD-SWOpt approaches,
we aim to ensure consistent coverage quality across non-
uniform 3D terrain, maintain adaptability and path continuity
in dynamic environments, and leverage semantic-level cues
for cost-based planning. Extensive simulations and real-
world experiments demonstrate the state-of-the-art perfor-
mance of our SHIFT planner in terms of coverage unifor-
mity and adaptability, while maintaining low computational
overhead.

II. SYSTEM OVERVIEW

The proposed SHIFT planner framework aims to achieve
semantically aware coverage and real-time low-overhead
obstacle avoidance in 3D environments. As illustrated in
Fig. 1, SHIFT operates in two key stages: RFICP and IKD-
SWOpt. We initially employ a differential geometry approach
to fit a parametric surface to the sensor-derived point cloud.
Subsequently, we compute and filter curvature metrics to
eliminate irrelevant outliers and small-scale obstacles. The
parameter domain of the smoothed surface is then discretized
to create a uniform grid of points. Finally, the discretized
point surface is integrated with local semantic information,
such as dirtiness or dryness. As detailed in Section III, the
RFICP module utilizes this fused data to generate a coverage
trajectory that seamlessly adapts to 3D surface variations.
Additionally, by leveraging a Gaussian diffusion field, RFICP
adjusts the robot’s speed based on semantic importance,
allocating more time to highly soiled areas. Next, to handle
dynamic obstacles, IKD-SWOpt is applied for local trajec-
tory refinement, as illustrated in Section IV. The process
begins with an A* search guided by an incremental KD-tree
distance field, resulting in a promising local avoidance path.
IKD-SWOpt then examines the trajectory segments within
the safety distance of each waypoint. If a segment’s safety
score, which reflects collision risk and continuity, falls below
a predetermined threshold, it is further optimized using an
adaptive sliding window approach. This strategy significantly

reduces computational overhead while ensuring rapid and
collision-free path updates. Finally, the resulting trajectories
are fed into a tracking controller to ensure accurate execution
of the motion.

III. RADIANT-FIELD-INFORMED COVERAGE PLANNING

To ensure efficient and uniform coverage, the initial envi-
ronmental attribute level at location p is defined as:

Ci(p) = kA(p), (1)

where k is a scaling coefficient, and A(p) denotes the
semantic field intensity. Our objective is to reduce this initial
attribute to a target level Ct. Consequently, the required
effective coverage Ce is derived as the difference between
the initial level Ci and the target:

Ce(p) = Ci(p)− Ct = kA(p)− Ct. (2)

Since coverage operations are only necessary where the
initial attribute exceeds the target, we focus on the domain
where kA(p) > Ct in this paper.

Then, we model the spatial influence of the robot at
position p′ on the surrounding environment at position p
using a 2D Gaussian diffusion kernel:

G(p;p′) =
1

2πσ2
e−

∥p−p′∥2

2σ2 , (3)

where ∥p − p′∥ ≤ R. For computational efficiency, we
we restrict the influence range to a circle of radius R.
Consequently, when the robot dwells at position p′ for a
duration t, its accumulated coverage at position p can be
modeled as an integration of the Gaussian kernel within this
neighborhood:

Cint(p) =

∫
∥p−p′∥≤R

G(p;p′)
[
1− e−λ t(p′)

]
dp′, (4)

where λ is a coverage efficiency constant. We require the
accumulated coverage Cint(p) to match the required level
Ce(p) to effectively reduce the environmental attribute to
the target.

Assuming an approximately uniform dwell time t(p)
within the local Gaussian footprint, and by combining (2)
and (4), we obtain:

kA(p)− Ct =

[∫
∥p−p′∥≤R

G(p;p′) dp′

] [
1− e−λ t(p)

]
=

(
1− e−

R2

2σ2

) [
1− e−λ t(p)

]
,

(5)

where the first bracketed term represents the integration of
the normalized 2D Gaussian kernel over a disk of radius R.
The dwell time t(p) can then be obtained as

t(p) = − 1

λ
ln

[
1− kA(p)− Ct

1− e−
R2

2σ2

]
. (6)
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Fig. 1: Overall architecture of the SHIFT planner. The terrain-derived point cloud data is initially filtered and integrated
into a global map. This map, combined with a semantic map, serves as input for the global planner. RFICP then generates
an adaptive coverage trajectory by adjusting the robot’s speed based on semantic information, while IKD-SWOpt performs
real-time refinements of local trajectories when obstacles are encountered.

Since the traversal speed v is inversely proportional to the
dwell time, it can be computed as:

v(p) =
∆s

t(p)
= − λ∆s

ln
[
1− kA(p)−Ct

1−e−R2/2σ2

] . (7)

where ∆s represents the length of the discretized path
segment. In practice, we clamp v(p) to lie within the robot’s
physical velocity limits (e.g., to handle singularities when
coverage demand is negligible) and enforce acceleration
constraints using standard velocity interpolation techniques.

IV. REAL-TIME OBSTACLE AVOIDANCE

While RFICP ensures comprehensive coverage and speed
allocation, unforeseen obstacles can invalidate parts of the
trajectory. Within our SHIFT planner framework, we develop
the IKD-SWOpt method to refine local segments upon de-
tecting collision or near-collision states, thereby achieving
real-time obstacle avoidance.

A. A* Search with IKD-Tree-Informed Distance Field

In partially unknown environments, a continuously up-
dated incremental k-dimensional tree (IKD-tree) is main-
tained to represent obstacle locations [16]. We build a
distance field D(p) from the IKD-tree, which represents
the distance from the waypoint p to the nearest obstacle.
Given the distance field D, the initial A* search uses the
cost function below:

f(p) = g(p) + h(p) + α · 1

D(p) + ε
, (8)

where g(p) and h(p) are the usual path cost and heuristic
terms respectively, α is a weighing factor, and ε is a small

constant for numerical stability. In our implementation, the
parameters are empirically set to α = 0.5 and ε = 0.01 to
ensure proper cost scaling. The third term in (8) penalizes
positions close to obstacles. The IKD-tree provides near-
lossless distance-field lookups, enhancing A* heuristics and
avoiding local minima. Therefore, this enhanced IKD-tree-
informed A* algorithm generates a nice initial avoidance
path with better clearance. We then use this path as a starting
point for subsequent local gradient-based optimization.

B. Non-Compliant Segment Identification

Let P = {pk}Nk=1 be the initial trajectory obtained by
the enhanced A* search. For each waypoint pk, we define a
circular safety region

Ck =
{
p
∣∣∣ ∥p− pk∥ ≤ rsafe

}
, (9)

where the radius rsafe can be obtained as the distance to the
nearest obstacle in the IKD-tree.

Given all nearby waypoints in the circular safety region,
we define the safety score for pk as

Sk =
∑
i

f [D(pi), Ccont(pi), Cfeas(pi)], for pi ∈ Ck,

(10)
where f(·) is a weighted combination function, D repre-
sents the distance to the nearest obstacle, Ccont denotes the
difference in headings or curvatures between consecutive
waypoints, and Cfeas is a feasibility metric indicating col-
lisions or violations of dynamic constraints, such as velocity
or acceleration limits. If Sk falls below a specified safety
threshold τsafe, the local path segment is considered non-
compliant. We then mark the surrounding trajectory segment
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Fig. 2: An illustration of the local segment identification
and refinement. For each waypoint on the initial path (red),
a circular region (yellow) is defined. We then gather all
identified non-compliant segments whose safety score falls
below the threshold into an adaptive sliding window for local
optimization.

within the circular safety region, denoted by Pk−∆:k+∆, for
local re-optimization. As shown in Fig.2, this method ensures
that both the immediate vicinity of pk and its neighboring
waypoints are jointly refined. All identified non-compliant
segments are gathered into an adaptive sliding window for
subsequent optimization. The outline of the non-compliant
segment identification is presented in Algorithm 1.

Algorithm 1 Non-Compliant Segment Identification

1: Snc ← ∅
2: for each pk ∈ P do
3: Define Ck = {p | ∥p− pk∥ ≤ rsafe}
4: Extract waypoints nearby {pi ∈ Ck}
5: Compute safety score Sk via (10)
6: if Sk < τsafe then
7: Pk−∆:k+∆ ← {pi ∈ Ck}
8: Snc ← Snc ∪ {Pk−∆:k+∆}
9: end if

10: end for
11: return Snc

C. IKD-Tree Sliding Window Optimization

Given that each segment already has a well-informed
initial path obtained from the A* search, our solver refines
only the control points within the window while maintaining
global continuity. The local objective function is formulated
as:

J =

N∑
i=1

[
β1

D(pi) + ε
+ β2∥pi+1 − 2pi + pi−1∥2

+ β3∥pi+1 − pi∥
]
,

(11)

where the three terms represent the obstacle clearance
penalty, smoothness regularization, and path length cost,

respectively. The weights β1, β2, and β3 balance these
objectives for the N points within the current segment Snc.
We then employ a gradient-based solver, such as the limited-
memory BFGS (L-BFGS) method [17], to minimize (11) for
the waypoints within the sliding window. This effectively
pushes the path away from obstacles while maintaining cov-
erage constraints. Additionally, this segmented optimization
is highly parallelizable and can leverage GPU acceleration.
By distributing the optimization of segments across GPU
cores, we can significantly reduce computation time and im-
prove real-time obstacle avoidance in dynamic environments.

Each time a window is optimized, the updated segment
is merged back into the global trajectory. We then apply B-
spline fitting to smooth the transition between original and
optimized segments, and the smoothed trajectory is given by

C(t) =

n∑
i=0

pi Ni,k(t), (12)

where pi represents the combined control points from both
segments, and Ni,k is the base function. This continuous
spline ensures feasible velocities and accelerations at junc-
tions and avoids abrupt turns. The general flow of the IKD-
SWOpt algorithm is presented in Algorithm 2. It efficiently
handles dynamic obstacles by incrementally updating the
KD-tree with new obstacle information and refining only the
affected segments of the trajectory.

Algorithm 2 IKD-SWOpt
1: while new obstacle data arrives do
2: Update IKD-tree: Insert new obstacles into T
3: Segment Identification: Obtain Snc from Algorithm 1
4: for each segment S ∈ Snc do
5: Sliding Window Optimization: Optimize S by minimiz-

ing J in (11)
6: end for
7: Trajectory Reconnection: Merge optimized segments into

initial path P0 using B-spline smoothing
8: end while
9: return Popt

V. SHIFT PLANNER IMPLEMENTATION

The SHIFT planner integrates terrain-aware coverage plan-
ning (RFICP) with an incremental obstacle avoidance frame-
work (IKD-SWOpt). Initially, a parametric surface S(u, v) is
reconstructed from raw LiDAR data, utilizing curvature met-
rics for outlier rejection. This smoothed surface is discretized
into a grid of waypoints {pi,j}, which are offset to maintain
a uniform coverage height and sequenced using a boustro-
phedon pattern. Within the RFICP module, the semantic field
intensity A(p) is evaluated for each waypoint to generate an
initial coverage trajectory P0, incorporating semantic-driven
velocity profiles v(p). To handle environmental changes, an
IKD-tree T , initialized with known obstacles, incrementally
updates the distance field D(p). Inside the IKD-SWOpt
module, paths are initialized via a local A* search guided
by IKD-tree heuristics. Segments violating safety constraints,
denoted as Snc, are identified through circular safety region
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checks and subsequently refined within an adaptive sliding
window using the BFGS algorithm. This ensures obstacle
clearance, path smoothness, and efficiency. Finally, B-spline
interpolation reconnects the segments to yield the optimized
trajectory Popt, ensuring global continuity and uniform cov-
erage.

VI. EXPERIMENTS AND RESULTS

The proposed SHIFT planner has been validated through
both numerical simulations (Section VI-A) and physical
experiments (Section VI-B). In each section, we first de-
scribe our experimental setup and implementation details.
Subsequently, we compare the coverage performance of
our planning algorithms across various semantic attributes
and evaluate the real-time capabilities of local trajectory
optimization in the presence of obstacles against several
benchmark state-of-the-art planning algorithms.

A. Numerical Simulations

We simulate an agricultural drone performing coverage
operations in outdoor terrains measuring 10 meters by 15
meters, with non-uniform aridity levels as depicted in the
semantic map in Fig. 3. During drone irrigation, the spacing
between Boustrophedon paths is manually set to 1 meter,
and the drone’s altitude is consistently maintained at 1.5
meters above the ground. In the simulation environment,
trees are represented by dark green obstacles, with their
number, radius, and height randomly generated. The simu-
lation is conducted on a computer equipped with an Intel
i7 CPU running at 3.4 GHz and 16 GB of RAM. The
drone’s onboard LiDAR and camera systems provide terrain
point clouds and semantic information through sensor fusion
and segmentation. Point cloud processing, including surface
extraction and curvature filtering, is implemented in C++
to ensure real-time efficiency. The IKD-tree is dynamically
updated as new obstacle data becomes available, enabling
near-lossless distance queries for local re-planning. Fig. 3
illustrates how the IKD-SWOpt method locally refines the
drone’s path to bypass obstacles and adjusts its speed in
real time based on local aridity levels, thereby ensuring the
uniform irrigation of drier crops.

Furthermore, we compare the IKD-SWOpt local trajec-
tory refinement capability with two well-known methods
based on Euclidean Signed Distance Field (ESDF), the Fast-
Planner [18] and EWOK [19]. Fast-Planner is an efficient
kinodynamic planner with a front-end graph search and a
back-end gradient-based optimization over an ESDF. EWOK
is a B-spline–based local planner that updates a 3D occu-
pancy buffer and ESDF in real time. The comparison is
conducted using the same three-dimensional terrain map as
described above, incorporating randomly placed cylindrical
obstacles of varying heights. With the obstacle density rang-
ing from 0.1 to 0.5 obs/m2, the local re-planning capabilities
of these three planners are compared in terms of total flight
time t, path length L, energy consumption E, and per-
iteration planning time tp. Notably, the energy consumption
is normalized against the maximum observed value (i.e., that

of the EWOK method). Additionally, the performance of
IKD-SWOpt with and without GPU acceleration are both
evaluated to demonstrate its computational efficiency and
scalability. The GPU-accelerated experiments are conducted
using an NVIDIA Quadro P620. Table I presents the aver-
age performance metrics among several runs at a medium
obstacle density of 0.3 obs/m2.

TABLE I: Comparison of Local Planning Abilities

Method t(s) L(m) E (Norm.) tp(ms) GPU Accel.
EWOK 22.3 38.7 1.00 3.1 Off
Fast-Planner 21.6 35.4 0.75 4.2 Off
IKD-SWOpt 21.9 36.2 0.81 1.6 Off
IKD-SWOpt 21.5 35.9 0.79 0.9 On

IKD-SWOpt without GPU acceleration requires no ex-
plicit ESDF construction, reducing the per-iteration planning
time tp to 1.6 ms, which is less than half of the EWOK
and Fast-Planner’s planning time on average. With GPU
acceleration, tp is significantly further reduced to 0.9 ms.
The path length L and total flight time t of IKD-SWOpt
are comparable to Fast-Planner’s kinodynamic search, in-
dicating efficient path planning without the overhead of
repeated ESDF updates. Although IKD-SWOpt without GPU
acceleration has 8% higher energy consumption compared
to Fast-Planner, the GPU-accelerated version reduces en-
ergy cost to 150.3 normalized units, keeping it competitive.
The multi-segment sliding window optimization approach in
IKD-SWOpt is highly parallelizable, allowing simultaneous
optimization of multiple trajectory segments on GPU cores.
This parallelization significantly reduces computation time,
enables real-time trajectory adjustments and enhances the
planner’s responsiveness in dynamic environments.

B. Physical Experiments

As illustrated in Fig. 4, we validated our SHIFT planning
method using the Eureka J15pro robotic vacuum cleaner.
The robot is equipped with a LiDAR, front-facing cam-
era, and IMU for mapping and localization, and operates
within a dirtiness-labeled indoor environment deployed with
cylindrical obstacles. Semantic information is obtained in
real time through PanoOcc, a camera-based 3D panoptic
segmentation approach that leverages spatiotemporal data
from multi-frame and multi-view images captured by the
front-facing camera [20]. We integrated a motion tracking
system to automatically compute the coverage ratio in real-
time. The SHIFT Planner intelligently allocates extended
dwell times to dirtier zones, while the IKD-SWOpt module
promptly responds to unforeseen obstacles. Multiple runs
within the same indoor environment demonstrate that the
SHIFT Planner achieves comprehensive semantic coverage
and enables low-latency obstacle avoidance, making it highly
suitable for complex real-world scenarios. Additional details
regarding the physical experiments are provided in the ac-
companying video.

The coverage performance of the proposed SHIFT planner
is evaluated against two sets of baselines: ablation variants
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(a) Side View (b) Top-Down View

Fig. 3: Drone irrigation simulation results: the SHIFT planner generates coverage trajectories that adapt the drone’s velocity
to varying terrains and aridity levels while locally refining the path to avoid unforeseen obstacles (shown in green).

Fig. 4: A vacuum robot navigates a semantically labeled indoor environment, decelerating in dirtier zones (yellow) and
promptly adapting to avoid unforeseen cylindrical obstacles.

and state-of-the-art (SOTA) approaches. For the ablation
study, we test versions without RFICP (implying a uniform
speed profile) and without IKD-SWOpt (omitting trajectory
refinement for obstacle avoidance). Additionally, we bench-
mark our method against two SOTA approaches: CCPP [21]
and K-Means+DRL [22]. Table II presents a comparative
analysis based on four key performance metrics, averaged
over 10 independent runs. The coverage completeness (C) is
defined as the ratio of the cleaned area to the total accessible
area. The path overlap rate (Rov) is represented as the
proportion of the path re-traversing cleaned areas. The energy
efficiency (ϵ) is defined as the cleaned area per unit of energy
consumed, normalized against the maximum value observed

(i.e., that of the SHIFT method), such that 1 represents
optimal efficiency. The weighted cleaning uniformity (Uw)
evaluates whether the cleaning effort matches the dirtiness
distribution. Specifically, we define a satisfaction ratio ri =
ρci/Ai, where ρ is a scaling factor, ci is the actual visit
count, and Ai is the semantic intensity for grid i. Uw is then
calculated based on the coefficient of variation (CV) of {ri}:

Uw = 1− σr

µr
, (13)

where µr and σr are the mean and standard deviation
of {ri}Ni=1. A value of Uw closer to 1 indicates that the
cleaning intensity is distributed more proportionally to the
local environmental demand.
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TABLE II: Coverage Performance Comparison

Performance Metric
SHIFT Planner

CCPP K-Means+DRL
RFICP+IKD-SWOpt IKD-SWOpt RFICP

Coverage Completeness C (%) 98.6 96.3 97.0 96.8 94.5
Path Overlap Rate Rov (%) 4.3 4.6 7.8 8.7 12.1
Energy Efficiency ϵ (Norm.) 1.00 0.91 0.95 0.90 0.84
Weighted Cleaning Uniformity Uw (%) 98.2 90.2 97.6 90.1 86.2

Leveraging semantic-driven speed modulation (RFICP)
and local trajectory optimization (IKD-SWOpt), the SHIFT
planner achieves a 51% reduction in path overlap compared
to the CCPP method and an 13% improvement in weighted
cleaning uniformity over K-Means+DRL, while maintaining
superior coverage completeness and energy efficiency. In
contrast, the competing SOTA approaches fail to adequately
clean heavily soiled regions, despite covering the entire
space. The ablation study further reveals that RFICP signifi-
cantly improves weighted cleaning uniformity by prolonging
dwell time via deceleration in heavily soiled areas, while
IKD-SWOpt markedly reduces path overlap rates by ensuring
effective real-time obstacle avoidance. Consequently, the
SHIFT planner not only guarantees higher-quality coverage
but also minimizes path redundancy, yielding superior overall
efficiency.

VII. CONCLUSION

In this paper, we introduce the SHIFT planner, a novel cov-
erage planning framework designed for autonomous robots
in complex and dynamic environments. It combines semantic
mapping, terrain-aware coverage planning, and dynamic ob-
stacle avoidance to achieve efficient and uniform coverage.
Our RFICP algorithm adjusts speed and trajectory using
a diffusion field model, allowing adaptive and consistent
coverage across various environmental conditions. Addition-
ally, the IKD-SWOpt efficiently handles obstacle avoidance
by locally refining trajectories within a sliding detection
window, ensuring safe and responsive navigation. Extensive
experiments demonstrate the efficiency and adaptability of
our framework in achieving high-quality coverage under
real-world constraints. Comparative analyses indicate that
the SHIFT planner outperforms state-of-the-art methods in
terms of coverage completeness, path efficiency, and energy
consumption. In the future, we plan to extend this approach
to multi-robot systems, enabling collaborative coverage in
larger and more dynamic environments.
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