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Abstract— Adverse weather has raised a big challenge for
autonomous vehicles. Unreliable measurements due to sensor
degradation could seriously affect the performance of au-
tonomous driving tasks, such as perception and localization.
In this work, we study sensor degradation in rainy weather
and present a novel method that evaluates the uncertainty for
each laser measurement from a 3D LiDAR. With uncertainty
estimation, downstream tasks that rely on LiDAR input (e.g.,
perception or localization) can increase their reliability by
adjusting their reliance on laser measurements with varying
fidelity. Alternatively, uncertainty estimation can be used for
sensor performance evaluation. Our proposed method, Smar-
tRainNet, uses an attention-based Mixture Density Network to
model the dependence between neighboring laser measurements
and then calculate the probability density for each laser mea-
surement as an uncertainty score. We evaluate SmartRainNet
on synthetic and naturalistic sensor degradation datasets and
provide qualitative and quantitative results to demonstrate the
effectiveness of our method in evaluating uncertainty. Finally,
we demonstrate three practical applications of uncertainty
estimation to address autonomous driving challenges in rainy
weather.

I. INTRODUCTION

Autonomous driving in adverse weather has been widely
recognized as a challenging problem. One major concern is
sensor degradation which causes sensor measurements to be
inaccurate and unreliable. The uncertainties raised in sensor
measurements could subsequently deteriorate the perfor-
mance of downstream tasks such as perception or localization
when they directly consume those corrupted measurements.
Most state-of-art algorithms have shown promising results
when trained and tested with clean data. But these algorithms
are likely to fail in real-world environments when adverse
weather substantially deteriorates the quality of input data.

Among the most popular techniques to address this prob-
lem is data restoration. Two approaches are generally used:
recover corrupted data or remove corrupted data. Despite
their popularity, these two approaches have limitations. First,
recovery-based methods (e.g., generative models [1], [2])
may generate artifacts that do not originally belong to the
scene. Second, removal-based methods (e.g., [3], [4]) usually
require modeling the noise generation processes. But in
practice, the complex interactions between the sensor, sur-
rounding environments, and adverse weather make it almost
infeasible to build such a model correctly.
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Another popular approach to addressing sensor degrada-
tion is to implicitly consider the degradation in the model.
For example, most perception algorithms perform training
and test both on data collected from adverse weather and
then directly aim to improve evaluation metric scores (e.g.,
average precision for object detection in rainy weather [5]).
Nevertheless, this approach has a few limitations. First, this
level of task (compared to sensor data restoration) generally
requires a large amount of labeled data to obtain satisfying
results. However, collecting data from adverse weather is
more difficult than from clear weather because adverse
weather events are usually hard to predict and capture.
Second, this approach generally cannot output degradation
information of their performance. Therefore, it is hard for
autonomous driving systems to know the current driving ca-
pability in adverse weather, let alone adjust driving strategies
based on varying weather conditions.

Fig. 1 shows laser measurement degradation under differ-
ent rainy conditions. In this work, we propose a novel method
to deal with sensor degradation: estimating the uncertainty
for each laser measurement. The uncertainty estimation re-
sults can be input into downstream tasks as auxiliary in-
formation to represent the confidence of each measurement.
Further, the uncertainty information can be used for sensor
performance evaluation. Specifically, our proposed method,
SmartRainNet, learns the spatial correlation between laser
measurements through an attention mechanism, then mod-
els the probability distribution of each laser measurement
through a Mixture Density Network. Finally, the density
evaluated at each measurement is defined as the uncertainty
score associated with each laser measurement.

Our SmartRainNet has been evaluated on a naturalistic
degradation dataset and a synthetic degradation dataset. Ex-
perimental results show that our model can correctly find
laser measurements with high uncertainties. Our method
explores a new but under-explored research field: sensor
degradation evaluation. In the last section, we show three
relevant applications in rainy weather.

II. RELATED WORKS

Research about sensor degradation can be traced to laser
sensing studies, which mainly concentrate on understanding
laser transmission behavior through atmospheric gases and
particles. For example, in [6], an energy loss equation
was developed for laser beams propagating through the
atmosphere. This work established the theoretical foundation
for a series of subsequent studies, such as predicting rain
influence [7] or simulating rain effects on LiDAR sensors
[8], [9]. More recently, sensor degradation has been raised
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Fig. 1. Laser measurements degradation. (A) Surrounding environment. (B) Laser measurement changes from the start to the end of the rain. As shown
in (B), laser measurement degrades severely during the rain. For example, some laser measurements on the road are absent, and others become noise. These
noisy and incomplete measurements, blended with normal measurements, could negatively affect downstream tasks (e.g., perception and localization). To
address this problem, we introduce a novel task that estimates the uncertainty of each laser measurement.

as a concern for autonomous driving. For example, authors
[10], [11] conducted a series of qualitative analyses to
discuss weather’s adverse effects on autonomous systems.
Quantitative analyses are also available, but most of them
are conducted in controlled and simulated environments
using fixed targets for basic statistical analysis, such as laser
measurement changes in intensity, range, or the number of
measurements returned [9], [12], [13].

The first work to quantify LiDAR degradation in real-
world driving environments is proposed in [14], which
formulates degradation evaluation as an anomaly detection
problem and estimates the degradation for each LiDAR scan.
In their work, an anomaly detection model is applied to
learn a hypersphere in the feature space that encompasses the
majority of normal LiDAR scans (collected in clear weather)
while excluding anomalous LiDAR scans (collected in rainy
weather). The distance from a test sample to this hypersphere
center is then defined as the degradation score. This work
studies degradation in each laser measurement. The essen-
tial idea is as follows; instead of formulating an anomaly
detection problem, which requires selecting anomaly sam-
ples based on subjective criteria, our method constructs a
probability distribution of normal laser measurements (i.e.,
collected in clear weather) and then uses the probability
density function to distinguish anomaly measurements. More
design details are given in the next section.

III. METHODOLOGY

This work aims to find unreliable laser measurements
in the environment. The fundamental idea is to build a
probability distribution that captures the behavior of reliable
measurements in clear weather and use that distribution to
discover unreliable measurements, such as those affected
by rain degradation or unexpected measurements. A typical
property of laser measurement is its multimodal property.
LiDAR emits light pulses to measure the distance to the
object. During the propagation, the laser light can encounter
multiple obstacles along the path, and each part of reflected
light could be potentially picked up as a valid measurement.
So in this work, we build a conditional mixture model that
considers the spatial correlation between laser measurements
and the multimodal property of laser measurements. The
probability density is then defined as the uncertainty for each

laser measurement. The pipeline of our approach is displayed
in Fig. 2.

A. Preprocessing

To use convolution neural networks (CNNs) to process
point clouds, a common practice is to convert those Li-
DAR point clouds into images. However, our work adopts
this practice mainly for another purpose: to record both
valid measurements (observed measurements) and absent
measurements. A typical 3D rotating LiDAR produces a
fixed number of laser measurements during each scan. For
example, in our experiment setup, we use a 32-channel 3D
LiDAR with 0.2◦ horizontal resolution. This 3D LiDAR fires
360/0.2 times horizontally, and each firing produces 32 laser
measurements vertically. However, some laser measurements
may not be valid if the emitted laser pulses cannot return
or if returned signals are too weak to be recognized by
the LiDAR. In rainy weather, this phenomenon becomes
more prevalent as the interactions between rain and laser
pulses could severely distort laser signals to cause more
losses of laser measurements. In some circumstances, it is
possible that laser measurements on an obstacle front are
completely absent. Therefore, to reduce such risks, knowing
which laser measurements do not have valid returns is
necessary. An image is a suitable representation to represent
both valid and absent laser measurements. For each LiDAR
scan, we create an image with a height equal to the number
of LiDAR channels and a width equal to the number of
horizontal firings. Each pixel location (i, j) is related to a
laser measurement si,j from channel i and horizontal firing
j, and each measurement contains five values: {d, r, x, y, z}
where d is the distance to the object, r is the intensity of the
reflected beam from the object, and x, y, z are 3D Cartesian
coordinates of the object. If the laser measurement is absent,
all values are set to zeros.

B. Spatial Correlation Learning

An attention mechanism is then used to capture the
correlation between neighboring laser measurements that
share similar characteristics. Attention mechanisms were
firstly introduced in [15] and [16] in conjunction with a
recurrent neural network (RNN)-based architecture to create
attention between tokens in the source sentence and target
sentence. The attention mechanism later adopted in [17] is
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Fig. 2. SmartRainNet Architecture. First, 3D LiDAR scans are converted into 2D LiDAR images. Then the attention mechanism is applied to learn
the spatial correlation between laser measurements extracted from a slice of the image. After that, a Mixture Density Network is applied to transform this
spatial correlation into a conditional probabilities distribution. Finally, the conditional probability density is defined as the uncertainty associated with each
laser measurement.

completely free from complex recurrent or convolutional
neural networks. The new architecture, called Transformer,
revolutionized the use of attention with great success not only
in the fields of natural language processing [18], [19], [20]
but also in computer vision [21], [22], [23], [24]. Basically,
the Transformer architecture captures the correlation by map-
ping between a query and a set of key-value pairs that embed
the similarity or compatibility information with respect to the
query, similar to convolution operations in CNNs. Although
CNN and Transformer are theoretically equivalent [25], only
the Transformer is appropriate for the task discussed in
this work. CNNs can only calculate correlation for pixels
centered at the kernel. When multi-layer CNN kernels with
a large receptive field are applied, pixels near the image
edge will not be considered (unless padding was used at
the cost of introducing many uninformative pixels). On the
contrary, Transformer can easily attend to every pixel to the
neighboring pixels using the query mechanism. In this work,
we calculate the attention value for each laser measurement
si,j considering a set of neighboring locations P(i, j) as:

∑
a,b∈P(i,j)

softmaxa,b(q
⊤
i,jka,b + q⊤

i,jra−i,b−j)va,b (1)

where queries qi,j = WQsi,j , keys ka,b = WKsa,b, values
va,b = WV sa,b and WQ,WK ,WV are weight matrices to
be learned. ra−i,b−j is the relative positional encoding that
embeds spatial information between the calculating location
(i, j) and attending location (a, b).

C. Uncertainty Modeling

This step integrates the spatial correlation into a proba-
bilistic framework. First, let us consider the characteristics
of laser measurements in clear weather. A laser emits a
light pulse and measures the time it takes to reflect from an
object. If the laser is partially reflected by multiple objects
along its propagation path, it is possible to receive multiple
return signals. Fig. 3 displays a real-world example. In this
example, we display the histograms of accumulated laser
measurements from four image regions: the edge of signage,
the surface of signage, the ground plane, and the bushes. It
can be seen that Histogram 2 and 3 in Fig. 3 B only have
a single peak but Histogram 1 and 4 have two peaks. Such

a difference is caused by the complex interactions between
the lasers and the environment. A laser emits a light beam
whose diameter will diverge with increasing distance. When
the laser pulse strikes a reflective object, it creates a laser
spot of a certain radius. Depending on the environment,
the measurement returned may be different: if the laser is
incident on the wall or floor larger than the spot, it will
most likely produce a single consistent measurement because
most laser energy will be reflected (e.g., at Location 2 and
3). But if the laser spot is incident on an edge, the laser
pulse will be partially reflected from the first measuring
object, and its remaining part will continue the propagation.
As a result, the laser receiver may receive multiple echoes,
and each echo potentially becomes a valid measurement.
Measurements from Location 1 and 4 are examples of this.

Fig. 3. Multi-modal laser measurements in clear weather. We project
LiDAR scans onto the camera image and accumulate 20 seconds of laser
measurements from four locations: the edge of signage, the front surface of
signage, the ground, and the bushes. The histogram of laser measurements
at each location is plotted in (B). Laser measurements can be multi-valued
due to edge effects (e.g., Location 1) or multi-path effects (e.g., Location
4). This justifies using a mixture model to model the multi-mode data.

To deal with multi-modal measurements, a natural choice
is to choose a mixture model. Here we use a mixture of Gaus-
sian distributions in this work. Also, each laser measurement
is spatially related to its nearby measurements. Therefore,
we build a conditional probability density function of laser
measurement si,j , conditioned on neighboring measurements
Pi,j = {sa,b|a, b ∈ Pi,j}. This all together gives a Mixture
Density Network [26]:
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p(si,j |Pi,j) =

K∑
k=1

πkN (si,j |µk, σk) (2)

where K is the number of Gaussian components, πk is
mixing coefficient for kth Gaussian component that satisfy
0 ⩽ πk ⩽ 1 and

∑K
k=1 πk = 1. µk and σk represent the

center of kth and standard deviation of the kth Gaussian
kernel.

The conditional density function represents the relative
likelihood of a laser measurement to be expected from infer-
ring its neighboring measurements. Therefore, a high density
means it is more likely to observe that laser measurement,
thus containing low uncertainty. In contrast, a low density
means that laser measurement is very likely to be spurious or
affected by degradation, such as noise or absent measurement
due to random interactions between raindrops and lasers.
These spurious, unexpected measurements are considered to
be of high uncertainty.

IV. EXPERIMENTS

In this section, we evaluate SmartRainNet on a natural-
istic driving dataset and a synthetic degradation dataset and
present qualitative and quantitative evaluation results.

A. Dataset and Task Descriptions

Naturalistic Driving Dataset (NDD) This dataset consists
of LiDAR scans recorded from a 32-channel RoboSense 3D
LiDAR mounted on a full-sized data collection vehicle. This
dataset is made of two parts. The first part is collected in
clear weather while manually driving the vehicle along the
data collection route. The second part is collected in rainy
weather stationarily throughout the entire rainfall event (from
the beginning to the end of the rain). Besides LiDAR scans,
we also recorded the real-time local rainfall intensity using
a rainfall measurement sensor (Lufft WS100).

Synthetic Degradation Dataset (SDD) This dataset is
created by adding simulated degradation to laser measure-
ments collected from clear weather. Two types of degradation
are added: absent measurements to simulate rain absorption
and noise measurements to simulate laser measurements re-
flected from raindrops. To generate them, we randomly select
a proportion of normal measurements from the first part of
the Naturalistic Driving Dataset (collected in clear weather)
and replace them with simulated degraded measurements.

B. Experimental Setup

Our 3D LiDAR has 32 channels, a horizontal resolution
of 0.2◦, and a maximum range of 60 m. Each LiDAR scan
is converted to a LiDAR image with the height of 32 and
the width of (360/0.2). In the experiment, all valid range
measurements are scaled to (0, 1], and absent measurements
are set to 1. The Transformer layer consists of two identical
self-attention blocks, and each block has the same input and
output dimension of 5. The linear layer inside the block has
a dimension of 20. The last layer of the second block is
connected to a linear layer with an output dimension of 4,
corresponding to the means and variances for two Gaussian

components. We trained the model using LiDAR scans
collected in clear weather with Negative Log-Likelihood loss
and Adam optimization [27].

C. Qualitative Results

1) Uncertainty Estimation in Clear and Rainy Weather:
This section analyzes uncertainty estimation in four sce-
narios: clear weather, noise measurements due to raindrop
reflection, absent measurements due to rainwater absorption,
and absent measurements on dynamic objects. We select four
LiDAR scans in each scenario and estimate the uncertainty
for each laser measurement. Fig. 4 presents the results in
each scenario with LiDAR range images on the left and
uncertainty estimation on the right.

Fig. 4 B1 shows that the uncertainty estimation is stable in
clear weather. All four scans have similar uncertainty distri-
bution: high uncertainty scores are assigned to areas that are
most likely to generate multi-echoes, such as the tree crowns
highlighted in yellow boxes. Fig. 4 B2 highlights uncertainty
estimation for noise measurements reflected from raindrops.
Those sporadic measurements are caused by random rain-
drop reflections and therefore are assigned high uncertainty
scores. Fig. 4 B3 highlights uncertainty estimation for absent
measurements (black pixels) on the road in rainy weather.
As the rainfall increases from scan S1 to scan S4, many
laser measurements on the road are absent due to absorption
by accumulated water on the road. Correspondingly, those
areas are assigned with high uncertainty scores. Fig. 4
B4 shows another type of absent measurement on a car:
laser measurements travel through transparent windows that
refrain back reflections or on dark paints that absorb the
majority of laser light. In the range images, it can be seen that
most measurements on the car cannot return (black pixels).
As a result, this car is almost invisible in the point cloud as
point clouds can only save those measurements returned to
the LiDAR. But in our approach, these absent measurements
on the car are designated with high uncertainty scores that
distinguish the car from the background scenes.

2) Uncertainty Estimation Under Different Rain Inten-
sities: Laser degradation could also change with rainfall
intensities. For example, heavy rainfall creates large amounts
of tiny raindrops in the air, increasing the chance of laser
beams interacting with raindrops to produce distorted mea-
surements. Also, rainwater remaining on an objects’ surface
can reduce their reflectance and reduce valid measurements
from these objects.

To test whether these changes can be reflected in uncer-
tainty estimation, we collect a sequence of LiDAR scans
at two locations stationarily (our data collection vehicle
is not moving) and select one scan each before the rain,
during moderate rain, during heavy rain, and after the rain.
Fig. 5 shows the histogram of uncertainty scores for laser
measurements in these scans. When the rainfall changes from
moderate to heavy, the number of laser measurements with
higher uncertainty scores increases. When the rainfall stops,
the number of laser measurements with higher uncertainty
scores decreases. This shows that the uncertainty estimation
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Fig. 4. Visualization of uncertainty estimation at location (A) in four scenarios (B1-B4). In each scenario, we select four LiDAR scans (S1-S4),
display LiDAR range images on the left and uncertainty estimation results on the right, and highlight the areas discussed in yellow boxes. The colormaps
for the LIDAR range image and uncertainty estimation are displayed in (C). In (B1), uncertainty estimation is consistent in clear weather: most areas have
low uncertainty scores, and high uncertainty scores are assigned to areas that are unlikely to have consistent measurements, such as tree crowns. In (B2),
some noise measurements are generated due to the reflection from raindrops. Those sporadic measurements are assigned with high certainty score that
easily distinguishes them from the background. In (B3), many laser measurements on the road are absent as the rainfall intensity increases from S1 to S4.
Those absent measurements are generated mostly due to rainwater absorption and are therefore assigned high uncertainty scores. (B4) shows an important
application of uncertainty estimation. From the LiDAR range images, we can see that most laser measurements on the car are absent (black pixels). This
could be either due to the dark paint that absorbs laser light or the specular surfaces, such as windows, that divert reflected lasers away from the LiDAR
receiver. As most measurements are missing, only a small fraction of the car can be seen in the point cloud, increasing the difficulty of car detection.
However, these unusual measurements are identified and assigned with higher uncertainty scores that distinguish themselves from the background, and
such an area should be regarded with extra precaution for autonomous vehicles.

correctly reflects the degradation changes exerted by the
rainfall.

Fig. 5. Visualization of uncertainty estimation change during the
rainfall. We collect a sequence of LiDAR scans stationarily at two different
locations and select one scan each before the rain, during moderate rain,
during heavy rain, and after the rain. The uncertainty score distributions of
laser measurements from those scans are displayed in (A) and (B). The
number of laser measurements with higher uncertainty scores increases
when the rain intensity increases and then decreases after the rain. This
means that the uncertainty estimation correctly identifies more unreliable
measurements due to heavier degradation by rain.

D. Quantitative Results

In this experiment, we create a binary classification task
with two classes: low-uncertainty class and high-uncertainty
class, and evaluate our model as a binary classifier. First,

we create a binary label for each laser measurement in
Natural Driving Dataset (NDD) and Synthetic Degradation
Dataset (SDD) following these steps: For the NDD, we
select a few scans before the rain and convert them all
into LiDAR images. At each pixel location, we accumulate
laser measurements from different scans and group them
into clusters. After that, for each laser measurement from
rainy weather, we attach it with a low-uncertainty label if its
measurement belongs to any of these clusters at that location
or otherwise the high-uncertainty label. For the SDD, we
select a few scans collected in clear weather, randomly
select a percentage of laser measurements in these scans,
modify their measurements (either remove their measurement
values or add noise), and attach them with high-uncertainty
labels. For the remaining measurements that are not selected,
we assign them with the low-uncertainty labels. Next, we
run our model to predict the uncertainty score for each
laser measurement and set the decision threshold to k. The
evaluation metric acc@k represents the fraction of correct
predictions evaluated at k.

Experimental data were collected from three different
locations for each dataset. Results are listed in Table I.
For the NDDs, the highest average accuracy is 0.83, and
the lowest average accuracy is 0.75. For the SDDs, the
highest accuracy is 0.71, and the lowest accuracy is 0.61. The
accuracies for SDDs are relatively lower than those in NDDs,
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TABLE I
QUANTITATIVE EVALUATION RESULTS

Dataset Degradation Duration (min) Evaluation Results
acc@0.1 acc@0.2 acc@0.5 acc@0.8 acc@avg3

Natural Driving Dataset-1 natural 19.2 / 32.3 / 5.01 0.80 0.81 0.84 0.85 0.83
Natural Driving Dataset-2 natural 32.9 / 18.2 / 2.0 0.85 0.84 0.83 0.83 0.84
Natural Driving Dataset-3 natural 4.0 / 65.6 / 27.3 0.80 0.77 0.73 0.71 0.75

Synthetic Degradation Dataset-1 synthetic 2.02 0.81 / 0.85 / 0.804 0.75 / 0.81 / 0.73 0.68 / 0.72 / 0.62 0.58 / 0.61 / 0.57 0.71
Synthetic Degradation Dataset-2 synthetic 2.0 0.69 / 0.84 / 0.76 0.70 / 0.81 / 0.70 0.65 / 0.70 / 0.59 0.57 / 0.60 / 0.54 0.68
Synthetic Degradation Dataset-3 synthetic 2.0 0.69 / 0.76 / 0.77 0.62 / 0.70 / 0.71 0.50 / 0.59 / 0.61 0.40 / 0.49 / 0.54 0.61

1 1: duration for light rain / moderate rain / heavy rain 2 2: duration for clear weather 3 3: average across k = 0.1, 0.2, 0.5, 0.8 4 4: added 10%, 20% and 30%
degraded measurements to each scan

but such a difference is reasonable. Our model learns the
distribution of reliable measurements from real-world data.
The simulated degradation added to SDDs is very likely to
have a distribution different from the natural degradation.

E. Applications

Uncertainty estimation can be combined with downstream
tasks to assist autonomous driving systems in tackling ad-
verse weather challenges. For example, Fig. 6 demonstrates
three relevant applications. The first application is sensor
degradation evaluation. Sensor degradation evaluation is nec-
essary for navigation in adverse weather because sensor reli-
ability could decrease with the weather and negatively affect
the system’s safety. Also, sensor degradation information can
help autonomous driving systems adjust driving strategies to
respond to different levels of degradation. In Fig. 5, we have
seen that the histogram skews towards the right when rainfall
intensity increases. Therefore, we calculate the skewness of
the histogram as the amount of degradation contained in each
LiDAR scan. The degradation evaluation is shown in Fig. 6
(A). The degradation score increases when the rainfall starts
and decreases slowly when the degradation effects exerted
by the rainfall gradually diminish.

The second application is to filter out unreliable LiDAR
measurements caused by rain, which could help localization
algorithms extract reliable environmental features for pose
estimation. Fig. 6 (B) shows the filtering result. After the
filtering, most structural features, e.g., the outline of building
walls, are still preserved while the majority of unreliable
measurements, e.g., reflections from raindrops, are discarded.
This could potentially improve the stability of the localiza-
tion system.

The third application is to enhance perception perfor-
mance. Currently, most perception algorithms struggle to
detect dark-colored or overly-reflective vehicles because the
laser beam projected on the car could be absorbed heavily
or diverted away from the receiver, causing very few laser
beams to be reflected back to the sensor. As a result,
the measurements on the car will be very sparse, thereby
increasing the missed detection rate. Fig. 6 (C) shows such
a case where only a small fraction of the car can be seen in
the LiDAR point cloud. Our uncertainty estimation method
successfully identifies that area as unusual and assigns large
uncertainty scores to distinguish it from background scenes.
This uncertainty estimation could potentially compensate for

the limitation of existing perception algorithms.

Fig. 6. Three applications for uncertainty estimation. (A) Evaluate
LiDAR sensor degradation. Uncertainty estimation results can be converted
into degradation scores representing the amount of degradation in each
LiDAR scan. The navigation system can use the degradation scores to
respond intelligently to different degradation levels. (B) Filter out unreliable
measurements to increase the stability of feature-based localization systems.
Environmental features (e.g., the shape of walls) can still be clearly seen in
the filtered point cloud (green). (C) Assist perception systems in detecting
partially-observed objects. In the LiDAR point cloud (top) and range image
(middle), only a small fraction of measurements on the car is visible,
making car detection difficult. However, in the uncertainty estimation result
(bottom), the absent measurements on the car are assigned with high
uncertainty scores that distinguish the car from the background. This could
help reduce the missed detection rate.

V. CONCLUSION

Autonomous driving in adverse weather has been widely
recognized as a critical problem for performing autonomous
tasks. This work presents a novel method to address sensor
degradation problems. Our method estimates the uncertainty
of each laser measurement using an attention-based Mixture
Density Network to capture the spatial correlation between
laser measurements and then predict unreliable measure-
ments. Using uncertainty information can potentially im-
prove the performance of downstream tasks, such as LiDAR-
based perception and localization, or integrate with decision-
making modules to create intelligent driving strategies to deal
with degradation effects. In the future, more experiments in
dynamic environments will be discussed.
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