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Abstract—Identifying the obstacle space is crucial for path
planning. However, generating an accurate obstacle space re-
mains a significant challenge due to various sources of uncer-
tainty, including motion, behavior, and perception limitations.
Even though an autonomous system can operate with an in-
accurate obstacle space by being over-conservative and using
redundant sensors, a more accurate obstacle space generator can
reduce both path planning costs and hardware costs. Existing
generation methods that generate high-quality output are all
computationally expensive. Traditional methods, such as filtering,
sensor fusion and data-driven estimators, face significant compu-
tational challenges or require large amounts of data, which limits
their applicability in realistic scenarios. In this paper, we propose
leveraging neural networks, commonly used in imitation learning,
to mimic expert methods for modeling uncertainty and generating
confidence regions for obstacle positions, which we refer to as
the probabilistic obstacle space. The network is trained using a
multi-label, supervised learning approach. We adopt a fine-tuned
convex approximation method as the expert to construct training
datasets. After training, given only a small number of samples,
the neural network can accurately replicate the probabilistic
obstacle space while achieving substantially faster generation
speed. Moreover, the resulting obstacle space is convex, making
it more convenient for subsequent path planning.

Index Terms—Path planning, obstacle space, uncertainty, neu-
ral networks

I. INTRODUCTION

AUTONOMOUS vehicles and robots operations face var-
ious uncertainties and hazards [1], [2]. One of the most

important tasks of path planning is to move without collisions,
in other words, to remain within a safe space at all times [3]–
[6]. Safe space is also called safe region [7], obstacle-free
space [8], free space [5] in other works. The first step to
find a safe space is usually to find the obstacle space. While
many methods exist for generating a safe space under the
assumption of a known obstacle space [9], this assumption is
often unrealistic in practice, and only a few approaches [10]–
[12] extend to uncertain obstacles. Meanwhile, many previous
path planning algorithms assume the obstacle space is polyg-
onal [13], [14] due to the simplicity of collision checking and
the compactness of the representation. The area of the obstacle
space should be minimized, as a larger safe space typically
results in smoother and shorter trajectories while also reducing
the overall planning cost [8], [15]. Building on these insights,
this paper proposes a novel method to construct a polygonal
probabilistic obstacle space that is both compact and capable
of representing uncertain obstacles.
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In practice, safety is ensured by declaring a collision when-
ever the distance between an agent and an obstacle falls below
a threshold, even without physical contact [16]. In this work,
we focus on obstacles with relatively small volumes, such as
flights or UAVs in airspace [17], where the obstacle space is
determined primarily by position rather than precise geometry,
a common simplification known as the point mass model.
An obstacle is certain if a deterministic value represents its
position, and uncertain if a probability distribution describes
its position. The probabilistic obstacle space is then defined
as the confidence region of this distribution.

Obstacle uncertainty can arise from perception, behav-
ior, and motion. Perception uncertainty is common because
position-locating sensors, including GPS [18], cameras [19],
LiDAR [20], and radar [21], are subject to measurement
noise, making it necessary to construct probabilistic obstacle
spaces from noisy measurements. Sensor Uncertainty Mitiga-
tion (SUM) methods [22] can bound these errors, but they have
high computational costs and require diverse, representative
data. Moreover, over-conservative approaches substantially
reduce safe spaces, making it difficult for planning algorithms
to find feasible solutions. Behavioral uncertainty can also
make an obstacle uncertain because different intents may lead
to entirely different trajectories [23]. Traditional data-driven
methods [24], [25] can estimate intent distributions when
sufficient historical data are available; however, these distribu-
tions are often highly complex and require many parameters,
making them impractical to translate directly into obstacle
spaces. Motion is another common source of uncertainty, as
even obstacles following a fixed path can exhibit positional
variability [4], [10], [26]. The M-estimator of Tukey [27] has
been used to estimate obstacle motion from single-camera im-
ages, but it is computationally expensive and requires careful
parameter tuning, while Gaussian mixture models [4], [28] are
also widely used to model uncertain motion.

In this paper, we propose a supervised learning approach
that employs multi-label training to train a transformer-based
neural network for generating polygonal probabilistic obstacle
spaces under uncertainty. Numerical experiments demonstrate
that the network can reliably reproduce probabilistic obstacle
spaces when the input samples are drawn from obstacle types
it has learned. In addition, the proposed method achieves
substantially faster generation times compared to baseline
approaches. The method offers four key advantages:

• Advantage 1: The approach does not rely on dynamic
models of uncertain obstacles. Instead, it can construct
obstacle spaces from only a few noisy measurements or
partial observations, reducing the sensing and modeling
requirements.
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• Advantage 2: All generated obstacle spaces are convex
and linear, which simplifies their integration into path
planning algorithms and ensures computational tractabil-
ity.

• Advantage 3: Training requires only a small amount of
labeled data, which lowers the burden of data collection
and annotation and makes the approach practical for
large-scale deployment.

• Advantage 4: The generation process is extremely fast,
enabling real-time use in online planning and decision-
making systems.

II. PROBLEM STATEMENT

The main goal of this paper is to generate the probabilistic
obstacle space of an uncertain obstacle from a limited data
sample using a neural network:

oα = NN(w, s), (1)

where oα is the probabilistic obstacle space at confidence
level α ∈ (0, 1), w denotes the neural network parameters,
and s = si

n
i=1 is the set of observed n samples.

Definition (Probabilistic Obstacle Space). Let otrue be
the true occupied region of an uncertain obstacle o, and let P
denote the underlying probability measure that characterizes
uncertainty in the obstacle’s position. A set oα is called a
probabilistic obstacle space at confidence level α if it satisfies

P[a ∈ otrue | a /∈ oα] < 1− α. (2)

That is, if the agent a avoids oα, then the probability of
entering the true obstacle region otrue is bounded above by
1− α.

Since otrue is generally unknown due to imperfect per-
ception and prediction, oα provides a tractable confidence-
region approximation. Our definition generalizes several prior
notions, including the ϵ-shadow of obstacle spaces [10],
[11], Gaussian-distributed obstacles [29], adaptive bounding
boxes [30], and α-probabilistic occupied sets [31]. In the
experiments, sample coverage is used as an empirical approx-
imation of the conditional collision-risk objective in Eq. (2).
It measures the probability that the true obstacle position lies
inside the generated region under the available observations.

The neural network in Eq. (1) is thus trained to approximate
the mapping

f : Sn → O, f(s) 7→ oα, (3)

where Sn is the sample space of n measurements and O is
the family of convex polygonal sets in Rd.

We illustrate three representative examples of probabilistic
obstacle spaces and their associated data samples.

Motion uncertainty: Consider the scenario of a moving
object following a fixed planned trajectory. However, many
factors, such as environmental disturbances, control uncer-
tainties, and human factors, can introduce uncertainty in the
actual trajectory. Therefore, a single planned trajectory may
correspond to infinitely many possible realizations of motion,
all of which the ego agent must avoid. To capture this

Fig. 1. Behavior uncertainty: flights taking off from the same runway with a
different destination will have a different route

variability, we construct a probabilistic obstacle space that
encompasses the possible deviations. Formally, we define the
sample set s = si

n
i=1 as the trajectories of n flights following

the same planned path.
Behavior uncertainty: Another important source of uncer-

tainty arises from the intent of other agents. As shown in
Fig. 1, multiple aircraft may depart from the same runway
within a narrow time window, and each departure may be
cleared for a different standard instrument departure depending
on destination, weather, and traffic flow. From the UAV’s
perspective, the resulting obstacle space is therefore governed
by a probability distribution over several candidate routes
rather than a single deterministic path.

Sensor uncertainty: We use noisy sensor data of two
adjacent circular obstacles. Because the measurements are
corrupted by noise, the exact obstacle positions cannot be
determined without calibration or advanced signal processing
techniques. Furthermore, a single measurement outcome may
be consistent with multiple possible true obstacle positions.
To account for this, we define s as the set of n noisy sensor
measurements, from which a probabilistic obstacle space is
constructed.

Since the obstacle space is inherently probabilistic, its exact
boundary may be irregular or complex. For path planning,
however, a tractable geometric representation is preferred. In
particular, polygonal approximations are widely used because
they provide a convex, linear structure that can be efficiently
integrated into optimization-based planners. To this end, in-
stead of directly generating the full probabilistic obstacle
space, we represent it using a convex polygon defined by
its vertices. Specifically, the neural network outputs four
vertices that characterize the polygonal approximation of the
probabilistic obstacle space:

Ṽ = NN(w, s), (4)

where w denotes the trained parameters of the neural
network and Ṽ is the predicted set of polygon vertices.

We then construct quadrilaterals with the four vertices in
a consistent non-self-intersecting order and prevent bow-tie.
Although collinear predictions are not formally excluded, none
were observed in millions of generated quadrilaterals.
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Fig. 2. Supervised learning: we iteratively pick a few samples from otrue

as inputs to the neural network and task the network with generating the
corresponding probabilistic obstacle space.

III. METHOD

A. Supervised learning and expert method

Previous research [32] has proven that the transformer can
process the visible (unmasked) parts of the data, reconstructing
the entire input from the encoded, incomplete data (masked
data). Therefore, if we only have a few samples from a
distribution, the transformer may be able to reconstruct the
entire distribution. To train the neural network, we first require
expert solutions generated by an expert method to serve as
supervision during the training process.

In this paper, we employ the expert method, as proposed in
our previous work [33]. The expert method can generate the
probabilistic obstacle space of an uncertain object. This data-
driven method builds on a kernel density estimator (KDE) that
can generate the probabilistic obstacle space, accelerated by
a fast Fourier transform (FFT). These KDE values are then
utilized within an Integer Linear Programming (ILP) frame-
work to find a minimal parallelogram box that approximates
the probabilistic obstacle space. This ILP solution effectively
encapsulates the area where the state is expected to stay with
high confidence.

For each obstacle distribution, multiple expert labels are
generated from different sampled obstacle configurations.
Each sampled configuration can yield a different feasible
quadrilateral, and every expert-generated quadrilateral is con-
structed by the procedure in our previous work [33] to satisfy
the prescribed target coverage.

After obtaining the expert polygon vertices Ṽ , we prepare
the input data for network training. Fig. 2 illustrates how
different subsets of samples are presented to the neural net-
work during training. At each training step, a small random
subset of samples is selected, and the transformer is trained
to generate the corresponding polygon vertices. Through this
supervised learning process, the network is repeatedly exposed
to multiple partial views of the same obstacle, learning to
associate incomplete sample sets with the full probabilistic
obstacle space.

B. Multi-label learning and loss function

Recall the non-uniqueness of confidence regions [34]: for
any given distribution, there exist infinitely many subsets that
capture the same probability mass. Consequently, for each

Fig. 3. Multi-label learning: during training, the network is guided to produce
outputs that align with the closest expert solution.

uncertain obstacle, there are infinitely many valid probabilistic
obstacle spaces. This motivates the use of multi-label learning
rather than single-label learning. Multi-label learning not only
reduces computational overhead but also allows the model
to share learned features across multiple labels, potentially
leading to better generalization. Fig. 3 illustrates this process.
Given the current network parameters, the neural network
produces an output polygon. The loss is then computed
between this output and each available expert probabilistic
obstacle space. The smallest loss among them is used to update
the network weights. In practice, multiple expert probabilistic
obstacle spaces are provided for each obstacle during training.
Similar to many regression-based approaches, we employ
the mean squared error (MSE) loss, as shown in Eq. 5,
which minimizes the average discrepancy between the network
output and the expert labels.

The minimum-loss strategy is used because these labels are
alternative valid solutions for the same underlying obstacle
distribution. Averaging the losses over all labels could penalize
a prediction that closely matches one valid quadrilateral but
differs from the other valid quadrilaterals. Selecting the min-
imum loss instead accommodates the inherent multimodality
of the solution space.

Loss = min
j∈[1,10]

1

8

8∑
i=1

(ŷij − yi)
2 where ŷij ∈ Ṽ (5)

where:
• we have 8 (four 2d vertices) elements in the output vector,
• yi is is the generated value for the i-th element,
• ŷij is the j-th expert vertices for the i-th element.

C. Neural networks architecture

The overall architecture of the neural networks is designed
based on our previous work [35]. The input to the neural
network consists of sampled points and the desired confidence
level. Before sending these inputs to the neural network, we
normalize them first. The confidence level and the sample
points are then embedded in a higher dimension using a linear
layer. The embedded items are concatenated together. These
concatenated embeddings are then sent to the transformer
layer. The sample points are treated as a set rather than
a sequence. No position-dependent label is assigned to the
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sample-point channels; therefore, permuting the input points
only permutes their intermediate point channels, while the
confidence-level channel aggregates the same set of point
features and produces the same polygon output.

D. Input normalization, embedding, and concatenate

Because sample points are drawn from different tasks,
they have very different means and variances, which can
cause challenges for the training process of neural networks.
Normalizing those points before feeding them into the neural
network is very crucial for several reasons. First, if some inputs
have larger values and higher variance than others, they may
dominate the training process. For example, if one target (or
feature) has a very large value compared to others, its gradient
will be disproportionately large. Second, normalization can
accelerate the training process. When the scales of the inputs
are not consistent, the model might spend more time adjusting
weights to accommodate the varying scales of input data rather
than learning meaningful patterns. Third, normalization can
prevent overfitting by reducing bias toward dominant features
and indirect regularization effects.

We use the Min-Max scaling [36] to normalize the sample
points. The Min-Max scaling equation is defined by:

x′ =
x−min(x)

max(x)−min(x)
. (6)

Min-max scaling scales sample points to the range [0, 1]
without changing the relative position between points. At
the same time, since all the points are sampled from a
reasonable distribution, so no outlier can heavily influence the
normalization.

After normalizing, we use a single linear layer to embed
the inputs. Compared to vision or natural language inputs, the
inputs in our task are much more straightforward to under-
stand. We primarily aim to determine the relationship between
points rather than to interpret their meanings. Additionally,
the transformer model already incorporates non-linearities.
Therefore, we choose to embed the inputs into relatively low
dimensions and use only a single linear layer to decrease the
computing complexity.

After embedding, the point tensor has dimensions (N , C),
where N is the dimension of the series of points and C is
commonly referred to as the channel in the field of machine
learning. We concatenated the confidence level tenor and
the point tensor together along the N dimension. So, the
concatenated tensor has dimensions (N + 1, C), while the
first channel is the channel of the confidence level.

E. Transformer and Output Layer

We use only the transformer encoder [37] because the
task predicts all polygon vertices simultaneously rather than
sequentially. The encoder consists of six identical layers, each
containing multi-head self-attention, a feedforward network,
residual connections, and layer normalization. Compared with
recurrent or convolutional layers, self-attention is more suit-
able for this point-set input because it enables parallel com-
putation and allows each point to directly attend to all other

points, capturing long-range dependencies without relying on
local patches or sequential processing.

The Transformer is selected here to test whether a learning-
based method can reproduce or improve upon the expert and
baseline methods while retaining efficient parallel inference.
We do not claim that it is universally superior to MLP,
PointNet, or DeepSets. PointNet and DeepSets may achieve
better performance, and a comparative study of alternative
learning architectures is left to future work.

Unlike masked autoencoder reconstruction tasks, our model
does not use mask tokens or a decoder. The visible samples do
not indicate which part of the obstacle space they come from,
and their order is irrelevant: the point sets (1, 1), (2, 2) and
(2, 2), (1, 1) represent the same distribution. Since the goal is
not to reconstruct the full distribution but to generate a convex
bounding region, a simple output module is sufficient.

Following ViT [38], we use a multilayer output layer
instead of a single linear layer. This module further refines
the encoder features and predicts the final convex bound
using only the transformed confidence-level channel, which
has already attended to all embedded point channels through
the transformer. Finally, the predicted output is denormalized
to match the original coordinate scale.

F. Parameters

For the transformer, the embedding dimension Nemd is
864. We use 6 attention heads, so each head processes 144
embedding dimensions of each channel. The number of at-
tention layer is also 6. Optimization is performed using the
Adam optimizer with a dynamic learning rate to ensure gradual
convergence. Additionally, a dropout rate of 0.2 is applied
to prevent overfitting by randomly omitting certain neurons
during training.

The reported model is trained for five epochs on a single
NVIDIA RTX 3090 GPU. The training set contains 320,000
input sets of 100 samples, with 100 expert vertex sets prepared
for each confidence level; ten corresponding expert labels are
randomly assigned to each selected input during a training
iteration.

IV. RESULT

A. Experiment setting

To evaluate the effectiveness of the proposed method, we
conduct experiments on three types of uncertain obstacles:
flying obstacles subject to motion uncertainty, obstacles with
uncertain destinations, and obstacles whose positions are esti-
mated using noisy sensor measurements. We feed the neural
network with samples drawn from the true obstacle distribution
and desired confidence level α, then evaluate whether the
generated probabilistic obstacle space achieves the desired
coverage, i.e., whether it bounds the specified proportion of
the distribution. Obstacles of the same type share the same
underlying distribution but may exhibit different geometric
shapes.
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(a) motion uncertainty (b) behavior uncertainty (c) sensor uncertainty
Fig. 4. Black points are sampled from the real obstacle distribution. Colorful polygons are example outputs when the three methods take the same yellow
visible points. Yellow points are enlarged for visibility.

1) Training: We trained a neural network that can work
with varying values of α, where α can be 80%, 85%, 90%,
95%, and 99%. To accelerate the training process, we prepared
100 sets of expert vertices for each desired confidence level
and prepared 320,000 sets of 100 samples before training
began. In each training iteration, we randomly select one
set of samples and one of α as the neural network’s input,
then randomly assign ten sets of corresponding expert vertices
as the target. We can prepare the training dataset for a
known uncertain obstacle within a few hours. It supports the
Advantage 3 of the proposed method, the training dataset is
easy to make.

2) Evaluation and Baselines: To evaluate the generated
probabilistic obstacle space oα, we estimate its coverage
using 100,000 Monte Carlo samples. The error between the
measured coverage αi and the desired confidence level α̂i is
measured by

MSE =
1

n

n∑
i=1

(αi − α̂i)
2, (7)

where n = 1000. We also report the correctness rate,

Correctness Rate =
1

n

n∑
i=1

1[αi > α̂i] . (8)

We compare our neural-network method with two KDE-
based baselines: bounding box (BB) [39], [40] and ILP Heuris-
tic (ILP). Since these baselines are not learning-based, we
evaluate them using both the same number of samples and
20× more samples. The MINLP optimal algorithm [41] is
included as a reference for the minimum-area convex region
satisfying the coverage requirement. We tested the trained
neural networks by presenting them with 5,000 random tasks
(1000 for each α) from each type of uncertain obstacle. Each
task contains 100 samples randomly generated from the real
distribution of the uncertain obstacle and has never been seen
by the neural network. The neural network generates the
corresponding oα for those samples.

We use 100 input samples because substantially smaller sets,
particularly five samples, are generally insufficient to estimate
the underlying distribution reliably. Thus, 100 samples are
treated as a limited but practically meaningful setting and
remain substantially fewer than those commonly required by
sampling- or calibration-based uncertainty estimation methods.

Table I shows that NN achieves consistently low MSE and
stable coverage across all uncertainty types and confidence
levels. BB usually achieves high correctness, but its obstacle-
space areas are much larger, indicating conservative behavior.
ILP can generate smaller regions, but its correctness is less
stable, especially with limited samples. Compared with both
baselines, NN provides a better balance between coverage
accuracy, correctness, and obstacle-space compactness, and its
results are generally closer to the optimal-area reference.

B. Overall Discussion

Across motion, behavior, and sensor uncertainty, the pro-
posed NN consistently outperforms traditional BB and ILP
methods. Three key observations can be drawn:

• Accuracy with Few Samples: NN achieves high accu-
racy and low MSE even with very limited data, whereas
baselines require 20× more samples to approach similar
performance. Its empirical coverage ranges also remain
closely aligned with the target confidence levels, indi-
cating more accurate confidence calibration. In contrast,
the baseline methods frequently produce coverage values
near 100%, suggesting overly conservative uncertainty
regions.

• Reliability: NN maintains correctness rates above 93%
in all scenarios, ensuring that the generated probabilistic
obstacle spaces meet or exceed the desired confidence
levels.

• Space Efficiency: NN produces compact obstacle spaces
that are significantly smaller than BB while avoiding the
instability of ILP. This efficiency is particularly critical
in path planning applications where over-approximation
reduces safe space.

• Training cost: Because the proposed method is learning-
based, it requires a training stage before inference. How-
ever, once trained, the model can be applied repeatedly
to scenarios represented in the training dataset without
requiring retraining. The current results were obtained
after only five training epochs, requiring less than one
hour on a single NVIDIA RTX 3090 GPU without using
any training-acceleration techniques.

These results validate the effectiveness of the proposed
learning-based framework in generating accurate and reliable
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TABLE I
RESULT COMPARISON UNDER MOTION, BEHAVIOR, AND SENSOR UNCERTAINTY

Type CL NN MSE(range) BB small MSE(range) BB large MSE(range) ILP small MSE(range) ILP large MSE(range) CR: NN/BBs/BBl/ILPs/ILPl/Opt Area: NN/BBs/BBl/ILPs/ILPl/Opt

Motion

80% 0.32%(78.95–80.44) 11.98%(80.28–99.80) 12.73%(88.66–96.29) 2.83%(75.04–91.87) 2.01%(75.36–84.46) 98.7/100/100/57.7/79.8/100 1415.07/2342.52/2309.52/1783.52/1514.04/1172.71
85% 0.25%(84.44–86.21) 9.88%(85.39–99.91) 10.98%(91.93–98.82) 2.95%(75.24–94.01) 2.31%(81.43–90.18) 99.8/100/100/52.4/64.4/100 1762.30/2790.63/2815.55/2138.71/1902.27/1579.52
90% 0.23%(89.40–90.91) 7.36%(89.60–99.99) 8.63%(95.93–99.75) 2.69%(75.63–98.43) 1.90%(87.40–94.16) 99.7/99.8/100/52.8/82.3/100 2229.01/3367.96/3470.37/2652.60/2365.27/2107.79
95% 0.49%(95.22–96.02) 4.32%(92.60–100) 4.81%(98.59–100) 2.20%(85.67–99.88) 2.72%(94.35–99.06) 100/99.4/100/74.8/98.9/100 3530.87/4525.46/4576.97/3382.33/3374.61/2742.49
99% 0.98%(99.96–99.99) 1.33%(98.03–100) 0.99%(99.96–100) 1.12%(97.86–100) 0.98%(99.19–100) 100/61/100/59.7/100/100 4833.31/5749.98/6127.58/4967.29/4820.67/3711.22

Behavior

80% 1.79%(79.54–84.27) 11.31%(84.04–96.41) 10.47%(85.60–93.33) 2.74%(75.00–88.70) 2.40%(75.00–81.90) 93.1/100/100/10.8/3.9/100 2.75E-3/3.64E-3/3.46E-3/2.59E-3/2.39E-3/2.15E-3
85% 1.76%(82.34–88.25) 9.56%(88.09–98.02) 9.45%(90.69–96.35) 2.62%(75.31–90.94) 3.01%(85.60–93.33) 95.2/100/100/27.9/16.2/100 3.44E-3/4.41E-3/4.35E-3/2.99E-3/2.89E-3/2.39E-3
90% 1.13%(88.31–91.80) 7.37%(93.11–99.40) 7.44%(95.89–98.67) 1.76%(81.48–96.56) 1.37%(85.62–94.55) 99.8/100/100/69.2/55.8/100 4.41E-3/7.37E-3/5.81E-3/3.83E-3/3.67E-3/2.99E-3
95% 0.85%(94.14–97.83) 4.09%(95.82–99.95) 4.22%(97.98–99.67) 1.11%(90.61–98.80) 0.74%(92.35–97.50) 95.6/100/100/68.2/65.4/100 5.69E-3/7.89E-3/7.98E-3/5.03E-3/4.87E-3/3.95E-3
99% 0.58%(99.18–99.94) 0.80%(98.42–100) 0.91%(99.72–99.97) 0.40%(97.03–99.95) 0.25%(98.28–99.61) 100/99.7/100/56.5/75.8/100 9.21E-3/11.19E-3/11.16E-3/8.01E-3/7.63E-3/6.46E-3

Sensor

80% 0.42%(79.12–82.05) 11.04%(87.56–99.42) 16.26%(93.24–98.43) 3.66%(72.00–93.54) 4.12%(72.01–86.43) 99.7/100/100/31.4/14.7/100 35.22/45.65/46.14/36.06/33.95/33.01
85% 0.35%(84.45–86.63) 10.18%(91.98–99.80) 12.10%(95.65–98.49) 3.70%(72.17–95.76) 3.15%(74.27–93.60) 99.8/100/100/67.3/57.9/100 41.58/52.16/50.12/42.42/40.69/34.23
90% 0.24%(89.51–91.01) 8.20%(93.26–99.94) 8.12%(96.52–99.63) 4.98%(86.16–98.78) 4.37%(89.70–98.32) 99.8/100/100/97.2/99.8/100 51.38/63.18/59.10/53.86/52.35/42.79
95% 0.62%(94.08–96.29) 4.20%(94.84–99.99) 4.28%(98.64–99.86) 3.25%(92.45–99.73) 3.22%(95.48–99.53) 98.9/99.9/100/99.1/100/100 64.53/75.85/71.90/67.46/66.08/55.01
99% 0.87%(97.66–99.94) 1.87%(97.09–99.99) 0.93%(99.73–99.99) 0.80%(98.97–99.99) 0.86%(99.49–99.98) 98.7/95.2/100/99.9/100/100 99.03/101.49/106.67/95.28/96.10/73.96

probabilistic obstacle spaces under diverse forms of uncer-
tainty.

The neural-network output does not provide a formal guar-
antee that the prescribed confidence level is satisfied in every
instance. Because of long-tail behavior, a newly sampled point
can occasionally lie far outside the observed range even when
a substantially larger region covers all available samples. Rare
violations may therefore remain in an evaluation with 100,000
Monte Carlo trials. For safety-critical path planning, a safety
margin or post-hoc coverage verification should be applied
when a strict instance-wise guarantee is required.

V. GENERATING SPEED ANALYSIS

Generating time is crucial in deciding whether a method
can be used in online applications. Therefore, we compare
the time to generate one correct probabilistic obstacle space
by each method to prove that our method is more useful in
online applications.

Unlike the expert method, which performs KDE, FFT, and
ILP optimization to construct each solution, the proposed
method uses the expert only during offline label generation
and directly predicts the polygon during online inference. This
introduces a one-time training cost but substantially reduces
repeated online computation while maintaining comparable or
better coverage accuracy and compactness than the evaluated
baselines. Fig. 5 illustrates the average time cost for generating
effective outcomes. For reproducibility, the timing comparison
reports the hardware and software environment, CPU/GPU
usage, whether preprocessing is included, and the timing
statistic used for each method together with the numerical
values shown in Fig. 5. The results clearly demonstrate that
our method significantly outperforms the baseline approaches,
achieving execution times that are an order of magnitude faster.
The result supports that the Advantage 4 of the proposed
method, NN can generate a useful probabilistic obstacle space
very fast.

VI. CONCLUSION AND FUTURE

In this paper, we propose using supervised learning to train
a transformer-based neural network to generate a confidence
region of the real obstacle space distribution, which we define
as the probabilistic obstacle space. Once trained, the neural
network can robustly generate vertices of the polygon that
cover the desired percentage of the real obstacle region, given
only a few samples. The primary advantage of the proposed

Fig. 5. Generating speed comparison

method is its extremely fast generation time while maintaining
performance comparable to that of the baseline methods.
Meanwhile, training is also very simple because training inputs
can be generated very fast. Only a few experts are required for
the labels. No dynamic information about the obstacle such as
disturbance is required.
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