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Abstract: The perception systems of autonomous vehicles face significant challenges under adverse
conditions, with issues such as obscured objects and false detections due to environmental noise.
Traditional approaches, which typically focus on noise removal, often fall short in such scenarios.
Addressing the lack of diverse adverse weather data in existing automotive datasets, we propose
a novel data augmentation method that integrates realistically simulated adverse weather effects
into clear condition datasets. This method not only addresses the scarcity of data but also effec-
tively bridges domain gaps between different driving environments. Our approach centers on a
conditional generative model that uses segmentation maps as a guiding mechanism to ensure the
authentic generation of adverse effects, which greatly enhances the robustness of perception and
object detection systems in autonomous vehicles, operating under varied and challenging conditions.
Besides the capability of accurately and naturally recreating over 90% of the adverse effects, we
demonstrate that this model significantly improves the performance and accuracy of deep learning
algorithms for autonomous driving, particularly in adverse weather scenarios. In the experiments
employing our augmented approach, we achieved a 2.46% raise in the 3D average precision, a
marked enhancement in detection accuracy and system reliability, substantiating the model’s efficacy
with quantifiable improvements in 3D object detection compared to models without augmenta-
tion. This work not only serves as an enhancement of autonomous vehicle perception systems
under adverse conditions but also marked an advancement in deep learning models in adverse
condition research.

Keywords: point cloud processing; data augmentation; adverse conditions; conditional generative
model

1. Introduction

Perception systems in autonomous driving technologies face significant challenges in
adverse weather conditions, such as rain, fog, snow, intense light, and sensor contamina-
tion. Recent advancements in machine learning have led to the development of weather
condition networks using deep learning techniques [1]. Adverse conditions such as snow
present unique difficulties in autonomous driving scenarios and represent one of the most
significant challenges to sensor fidelity, including the occlusion to pertinent objects and
fake detection due to the accumulation of noise clusters [2] in LiDAR (light detection and
ranging) point clouds. Adverse conditions present tangible threats to sensors, yet research
on this topic is relatively sparse. Recent studies on the impact of adverse conditions on
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point clouds have primarily focused on k-d-tree-based neighbor-searching outlier filters [3],
with the de-noising performance nearly reaching its peak [4].

On the other hand, deep learning models, unlike filters, offer a certain level of explain-
ability and hold the potential to discern both surface-level and hidden features of adverse
effects in specific driving scenes, enabling them to perform snow synthesis alongside snow
de-noising. LiDAR transformation models can only help the enhancement of perception to
a certain limit because the removal of noise points only reduces the possibility of adverse
effects being recognized as fake objects but does not deepen the understanding of adverse
effects in point clouds. This is largely due to the inherent difficulty and unreliability of
annotating or labeling adverse conditions [5] and the lack of samples featuring adverse
conditions within current common driving datasets [1]. Furthermore, datasets specifically
targeted at collecting adverse conditions in certain areas, like snowy regions, often face
significant domain gap issues when being input into perception models trained with gen-
eral data [6]. As a result, augmenting clear condition datasets with simulated adverse
conditions has become one of the most effective and popular approaches to enhance the
capability of deep-learning-based models in addressing adverse challenges.

Compared to methods based on classification and removal, those employing adverse-
conditions data augmentation demonstrate superior effectiveness and accuracy in terms
of perception enhancement due to the enabling of more adverse data used for model
training [7]. The presence of weather phenomena such as water mist, agglomerated fog,
and snow swirls sometimes manifest as solid “ghost” objects in the point cloud, while
scattered noise point distribution is the result formed from ego vehicle motion, vehicle
interactions, environmental layouts, and wind, instead of a fixed pattern or predictable
mathematical distribution. As a result, we need a designated augmentation method to
better adapt to the features of the adverse conditions with a deep understanding of not
only the pattern of the adverse effect but the entire driving scenario, thereby enabling
the generation of paired adverse data. The integration of paired datasets that include
both adverse effects and corresponding classifications is proven to significantly improve
the detectors’ proficiency in identifying smaller entities, like pedestrians and cyclists, in
challenging driving conditions [8].

In this paper, we propose a LiIDAR point cloud augmentation model with conditional
guides to realize the expansion of adverse condition data. The proposed model generates
segmentation maps with unique labels that identify the presence of adverse effects in point
clouds, serving as conditional guides. The proposed approach involves developing efficient
fusion techniques to integrate these guides with raw data into the generative model. This
integration facilitates the classification and synthesis of adverse effects. The proposed
method effectively incorporates realistic adverse conditions into point clouds, taking into
account scene context and striving to preserve structural integrity, which is crucial for
creating reliable paired datasets. Additionally, by leveraging the conditional guide, the aim
is to bridge the domain gap related to traffic patterns and environmental layouts, which
often pose challenges in realistically augmenting adverse data. This approach enables the
creation of quasi-natural adverse effects in clear datasets, thereby enhancing the robustness
and diversity of adverse data collection. Figure 1 shows an example of the expected adverse
effect augmentation task.

The main contributions of this work are as follows:

1.  Segmentation maps of adverse effects are produced via a designated 3D clustering
algorithm, serving as conditional guides for generative models.

2. Anovel early data fusion approach was developed to integrate raw and segmentation
data, exhibiting remarkable capabilities in directing the creation of adverse effects.

3.  High-level robustness in the generation of paired adverse data is presented through
the generation of quasi-natural adverse effects across huge domain gaps in terms of
traffic layouts and environments. A notable enhancement in detection performance
with the proposed data augmentation scheme is validated through experiments.
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(a) Clear point cloud. (b) Point cloud with snow augmentation.

Figure 1. Point cloud in clear driving scenario (a) and corresponding snow-augmented results
(b) expected from augmentation models. Red boxes denote locations where snow effects were
generated. Color encoded by height.

2. Related Works

Object augmentation primarily serves the purpose of completing occluded objects in
indoor environments, while scene augmentation focuses on transforming entire scenes,
commonly involving operations such as jittering, rotation, and shearing. These augmenta-
tion techniques aim to improve the accuracy and robustness of downstream tasks, primarily
semantic segmentation and object detection. However, addressing adverse conditions in
driving scenes requires a combination of both object and scene augmentation, which
can be approached from two perspectives: adverse effect synthesis and existing adverse
effect enrichment.

2.1. Adverse Effect Synthesis

Early attempts at adverse effect synthesis focused on replicating the optical returns of
signals measured under weather conditions to analyze the influence of adverse conditions
on LiDAR sensors [9,10]. While this laid the foundation for signal waveform processing
in addressing adverse condition challenges, it highlighted the essence of LiDAR data aug-
mentation: synthesizing perception results that mimic the effects of real adverse conditions
on LiDAR sensors. However, the realization of the adverse effects in point clouds still
depends on the collections in weather chambers [8] because of the requirement for paired
data. Apart from the low domain similarity between chambers and real roads, common
experimental facilities with controllable precipitation rates worldwide struggle to simulate
complex adverse conditions such as dynamic snowfall [1].

To address this limitation, recent works have explored treating adverse effects like
rain, fog, and snow as noise points with specific distributions (e.g., uniform or normal)
and translating entire scenes accordingly [11,12]. While systematic, these approaches
struggle to capture the variability and nuances in the distribution of adverse effects
in real-world environments. Consequently, there is a need to develop methods for re-
alizing adverse data augmentation in LiDAR point clouds that are similar to image-
based approaches, thereby improving the robustness of LIDAR perception in autonomous
driving scenarios.

With the development of Generative Adversarial Networks (GANSs), researchers
have leveraged their ability to create photorealistic images without paired examples, fo-
cusing on converting clear images to hazy ones [13-15]. Extending this approach to
LiDAR point clouds has shown promising results, with initial attempts at translating
simulated driving scenes into artificial point clouds [16,17]. Subsequent works have ex-
plored point cloud translations between sunny and challenging weather conditions like
rain and fog [18]. While these methods realize adverse effect augmentation to some ex-
tent, they face challenges when dealing with different domains, such as translating from
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fog chamber scenes to real roads. Artificial precipitation produced by sprinklers is often
misinterpreted as vertical cylinders by LiDARs [19], potentially compromising the inter-
pretation of weather reflection features in point clouds and diminishing the quality of the
augmented data.

In summary, while existing methods for adverse effect synthesis in LIDAR point clouds
have made progress, they still face limitations in capturing the variability and nuances
of real-world adverse conditions. There is a need for more advanced techniques that can
better synthesize realistic adverse effects while accounting for the complexities of different
driving scenarios and environmental factors.

2.2. Existing Adverse Effects Enrichment

Adpverse effects enrichment was initially explored in the domain of image processing,
providing valuable insights and principles that can be applied to LiDAR point clouds.
While augmentation techniques for rain and fog conditions are relatively more mature,
snow augmentation remains less developed due to the scarcity of snow presence in datasets.
Attempts at the generation of snowflakes and realistic rendering across the entire driving
scene have been made [20] in images, and synthetic snow scenes have also been used for
perception models’ evaluation purposes [21]. However, the translation of snow scenes and
the embodiment of different snow levels are still ongoing challenges.

Beyond precipitation conditions, sensor contamination, such as mud or water stains
obscuring camera lenses, is another critical factor affecting perception. Acquiring datasets
capturing these effects is extremely difficult, leading to the development of models capable
of generating soiling effects on cameras and augmenting contamination datasets [22]. These
augmented effects are remarkably genuine, and downstream removal models heavily rely
on such data for training purposes.

However, a significant challenge in using synthetic or augmented adverse effects is
the potential domain gap between the synthetic data and real-world conditions [23]. To
address this, researchers have developed models derived from pre-existing adverse effects
within datasets, aiming to preserve the authenticity of the effects [7]. For instance, Hahner
et al. [7] developed a method that simulates snow particles in a 2D space corresponding
to each LiDAR line and adjusts each LiDAR beam’s measurements based on the resulting
geometry. They also incorporated ground wetness, a common occurrence during snowfall,
into their LiDAR point clouds to supplement the augmentation. While their approach
successfully simulated snowfall, it predominantly focuses on light snowfall conditions
under the rate of 2.5 mm/h [24], wherein the prevalent snow effects in LIDAR point clouds
manifest as dispersed noise points rather than snow clusters. The notable enhancement
in the performance of 3D object detection subsequent to training with the addition of
the semi-synthetic snowy data substantiates the successful simulation of snowfall and
underscores the importance of adverse effect augmentation.

In summary, existing methods for adverse effects enrichment in LiDAR point clouds
have made notable progress, particularly in simulating light precipitation conditions and
sensor contamination. However, challenges remain in realistically translating and em-
bodying different adverse effect levels, especially for heavier snowfall conditions that may
result in more complex snow cluster formations. Additionally, addressing the domain
gap between synthetic and real-world data is crucial for improving the generalization and
robustness of perception models trained on augmented data.

3. Methods

Figure 2 shows the workflow of the condition-guided augmentation model. Our
methodology begins with raw data that include adverse conditions, which are then pro-
cessed using a 3D clustering algorithm to create a segmentation map. This segmentation
map is then utilized as a conditional guide in our generative model, alongside clear data.
For optimal training outcomes, it is advantageous for this clear dataset to have some cor-
relation with the raw data. This correlation facilitates a more intuitive understanding of
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the underlying logic in adverse effect classification. Therefore, we employ filtered raw
data [25] in this context. In the following subsections, we will introduce the construction of
the segmentation map and the architecture of the generative model.

Cluster segmentation map

Label 0 Label 1 Label 2 Label 3 Conditional
guide

Void | Noise clusters | Scatters Objects

Clustering fEarIy
usion

Baw data Clear Data with
with adverse adverse
data e
effects conditions
Generative
model

Figure 2. Workflow of the condition-guided adverse effects augmentation model based on novel
segmentation maps production and early data fusion techniques. The clear data input is obtained
from filtered raw adverse data to establish intrinsic correlation for optimal training. The cluster
segmentation map serves as a conditional guide, which can be input into the generative model
through early data fusion. Data with adverse conditions are generated under the guidance of the
segmentation map.

3.1. Clusters Classification and Segmentation Map

In our task of adverse effects augmentation, we use the CADC (Canadian Adverse
Driving Conditions) dataset [26] for its excellent representation of snow clusters. To
establish a solid baseline for classifying snow swirl clusters, we meticulously chose
2691 samples of LiDAR point cloud frames that prominently feature snow clusters from
the entire dataset. These samples consist of 120 different sequences, corresponding to
120 unique driving scenarios. These scenarios comprehensively cover aspects such as the
ego vehicle’s movement, interactions with other traffic participants, and wind influence.

For each of these scenarios, we select one representative frame for manual annotation
at the cluster level. We manually identified and labeled all snow clusters that are discernible
to the human eye. A 3D clustering algorithm based on OPTICS (ordering points to identify
the clustering structure) [6,27] is then employed to aggregate and analyze their spatial
and clustering characteristics. An adaptive cluster amount determination step based on
DBSCAN [28] was added before the OPTICS algorithm to improve the clustering efficiency.
With this mechanism, the possibility of one object being divided into several clusters or
several objects being partitioned into one cluster is greatly minimized, leading to the result
of the most appropriate number of cluster distributions. The 3D clustering algorithm
produces seven metrics that could help the quantitative evaluation, as employed in our
previous work [6]. Among these, reachability distance and cluster size are particularly
useful for producing cluster-based segmentation maps as shown in Figure 1. The details of
these metrics are shown below:

¢ Noise number: Points without any neighbor points within a designated range (solitary
points) are considered noise points, mostly snowflakes. A decrease in noise number is
one of the most direct indicators of a low adverse effect presence.
The count N of the points that have fewer than P,,;, neighbors within a given radius €
is shown as
N = [{x € X | P(x,€) < Pyin}| 1)
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where X is the set of all points and P(x,€) returns the count of points within the e-radius
of x [29].

Cluster number: A main output of the algorithm, representing groups of data points
that are closely related based on their reachability. The cluster number can be simply
denoted as C [30].

Reachability distance: The smallest distance required to connect point A to point B via
a path of points that satisfy the density criteria. Normally, the average reachability
distance would rise along with larger cluster numbers.

For points A and B, the reachability distance R(A, B) could be defined as

R(A, B) = max(CD(A),d(A, B)) )

where CD(A) (the core distance) is the minimum distance required to separate A from
its neighbors, and d(A, B) is the Euclidean distance between A and B [29].
Inter-cluster distances (ICDs): The concept here involves identifying the centroid, or
the average point, of each cluster, and subsequently computing the distance between
every possible pair of centroids. Should there be a decrease in the average of these
distances, it would suggest a rise in the number of clusters and a more concentrated
cluster distribution. In the context of this study, such a pattern could be interpreted as
an effect of high adverse effects appearance.

For clusters i and j with centroids C; and C;:

1
ICD = — ) "d(C;, C)) (3)
2) i#j

where (g) denotes the number of unique pairs of clusters [31].

Size of clusters: This is essentially determined by the average number of points each
cluster holds. Under conditions dominated by scattered snow, the snow noise points
tend to form numerous small-scale clusters. Their presence, consequently, leads to a
diminution in the average size of the clusters [30].

For cluster i with n; points, the average size S could be

S==Yn 4)

Silhouette score: Measures the cohesion within clusters and the separation between
clusters. A silhouette score close to 1 indicates a good clustering quality, while a score
close to —1 indicates poor clustering. A lower silhouette score is commonly observed
in adverse and snowy conditions due to the more overlap between clusters.

For a point x in cluster A, the silhouette score s(x) is calculated as

b(x) —a(x)

$(%) = ax{a (@), b()] ©

where a(x) is the average distance from x to the other points in the same cluster A, and
b(x) is the smallest average distance from x to points in a different cluster, minimized
over clusters. The overall silhouette score is then the average s(x) over all points [32].
Davies—-Bouldin index (DBI): Measures the ratio of within-cluster scatter to between-
cluster separation and assesses the quality of the overall cluster separation. A lower
Davies—-Bouldin index indicates better clustering, with zero being the ideal value.
Adverse conditions with many noise points or swirl clusters exhibit higher values of
the DBL
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The Davies—Bouldin index DBI is calculated as
1 & si +5;
DBI = — _— 6
c EI’E‘%-X(d(ci,cj) ©

where s; is the average distance of all points in cluster i to centroid C; [33].

With the establishment of clusters, we developed an automatic tool for classifying snow
effects. This tool operates according to Algorithm 1. In Algorithm 1, X means the horizontal
axis in BEV (Bird Eye View) and Y means the vertical axis while Z denotes the height axis
(from ground to sky). The threshold values for the spatial XYZ coordinates are established
through a detailed evaluation of the geometric properties of each relevant cluster by the
proposed algorithm. These determined ranges effectively reduce the likelihood of objects
being mistakenly identified as snow clusters to the minimum level. Notably, the XYZ
coordinates represent the central point of each cluster, thus almost eliminating the risk of
misidentifying clusters on the margins.

Algorithm 1 Point cloud segmentation through a 3D clustering algorithm based on OPTICS

Require: Cluster size, Center X, Y, Z coordinates, and average reachability distance for
each cluster.
Ensure: Labels for each cluster representing different snow conditions.
1: for each cluster in the dataset do
2. if Cluster size € [2,500] then
3 if Center X € [xq,x2] and Center Y € [y1,2] and Center Z € [z1,2;] and avg.
reachability distance € [0.5,2] then

4 Label all points within this cluster as 1 (swirl clusters).

5 else

6: Label all points within this cluster as 3 (objects).

7 end if

8: else if Cluster size € [1,1] then

9 Label all points within this cluster as 2 (scattered noise points).

10: else

11: Label all points within this cluster as 3 (objects).
12:  endif
13: end for

14: Examine each pixel in the depth images for detectable reflectance values.
15: if pixels lack reflectance then

16:  Label these pixels as 0 (void areas).

17: end if

The CADC dataset was collected in Canada where vehicles drive on the right side
of the road and oncoming vehicles will approach the ego vehicle from the left. This
justifies the slightly closer threshold for Center X on the left (—7.7646) compared to the
right (8.4354), relative to the ego vehicle. Additionally, the movement of the ego vehicle
tends to disturb snow on the ground, creating whirls of snow clusters in its wake based on
previous observations [2]. Consequently, the threshold for Center Y at the rear (—10.4947)
is found further from the vehicle compared to the front (7.5053). Outside of the interval of
[0.5165, 1.9999] on the height direction, no clusters fit the criteria of snow within the given
Xand Y range, hence the Z thresholds.

The decision to select a cluster size interval ranging from 2 to 500 is based on our
analysis of each cluster, which includes every non-solitary noise point. Observations across
all 120 scenarios indicate that there are no snow clusters exceeding 500 in terms of cluster
size. Similarly, the interval for reachability distance is determined based on thorough
inspections of the maximum and minimum limits. To ensure absolute accuracy in cluster
identification, all the thresholds including the XYZ coordinates are further corroborated by
a secondary layer of human verification.
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This classification equates to a segmentation map with four distinct labels, effectively
illuminating the presence of various adverse conditions. We adopt the same RGB depth image
format in our previous work [6,34], which represents the perpendicular projection of point
clouds while keeping the depth information (i.e., the distances from points to the ego vehicle)
within its pixel value, while the RGB channels now store labels in the segmentation map
datasets. In this map, Labels 1 and 2 are assigned to noise clusters and individual noise points,
stored in the red and blue channels, respectively. Label 3 encompasses all other elements, such
as objects and structures, essentially anything not classified as an adverse effect, stored in the
green channel. Label 0 represents void areas, characterized by the absence of reflective signals
in the point clouds, stored in all three channels. This self-adaptive approach is designed to
accurately capture all snow clusters, theoretically eliminating the possibility of errors. The
outcomes from our classification tool are depicted in Figure 3. This segmentation map not
only provides a fundamental insight into the characteristics of adverse effects but also aids in
the generation of such conditions in data augmentation.

B Label-1 Snow swirl

B Label-2 Scattered snow

Label-3 Objects

B Label-0 Void

Figure 3. Examples of segmentation maps of CADC dataset in a depth image format for visualization.
Images are rendered with pixel values multiplied by 64 under the OpenCV BGR environment for
better illustration purposes. Red points denote snow clusters, blue denotes scattered snow points,
green denotes all the objects, and black means void (no signal).

3.2. Conditional Guide Data Fusion

The above segmentation map is utilized as a conditional guide in our generative
model, through an early fusion technique alongside clear data. The clear data would go
through the same segmentation-map-producing procedure in order to provide compatible
conditional guide data for the generative models. The core principle of early fusion with
the segmentation map is to activate the effectiveness of the conditional guide right from the
beginning. This ensures that the entire generation process is monitored and constrained
within the parameters set by the guide, as shown in Figure 4.

ResNet
/ 4blocks
Concat : & S Yan™S
* 5k *
Synthesized

G t
enerator Snow PCL

Pruned

Input channels Channels

T
ﬁg -channe
% ﬁﬂ?g ﬁ% 6-channel

Figure 4. Diagram of the early fusion process for conditional augmentation in point clouds.

The fusion process is initiated by setting a random transforming seed, 7, a standard-
ized protocol to ensure that both the point cloud inputs from domains A and B — 14, I
— and their corresponding segmentation maps S4, Sp undergo an identical transforming
process prior to being fed into the generator. This consistent transforming process is vital
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for aligning and rendering the datasets compatible for concatenation. Following this, a
6-channel dataset is constructed for each domain, with the first three channels comprising
the original image and the latter three filled with the labels from the segmentation maps.
This process is uniformly applied to both the clear and snowy datasets.

Incorporating a 4-ResNet-block structure based on the GAN structure [6,13], the
input channels of the generator G are adjusted to accommodate the six-channel input.
This modification facilitates the integration of the concatenated data. After the encoding—
decoding phase within the generator, the output comprises snow-augmented point clouds,
O,4 and Op, for each domain. These outputs retain the format of the original datasets, with
the exception that the latter three channels, dedicated to labels, are subsequently pruned to
revert the data back to the standard RGB depth image format. This results in the generation
of the synthesized snow point cloud.

Throughout this entire fusion process, the segmentation map remains integrally con-
nected with the raw data, imparting directional guidance at every stage of the conditional
generative model. This method ensures optimal guidance with minimal supervision, effec-
tively circumventing potential issues of deviation or overfitting, which could arise from
the relatively lower data weight of the labels compared to the pixels. The efficiency of this
early fusion approach is thus underscored.

3.3. Architecture and Loss Functions

Figure 5 denotes the overall architecture of the whole conditional generative model
based on the CycleGAN [13] backbone. Clear A and Snow B along with their segmentation
maps are the input data. The condition-guided conversions are conducted by 6-channel
generators while the reconstructions are completed by 3-channel generators. D4 and Dp
are discriminators that oversee the conversion between clear and snow, respectively.

D,
Clear A A
seg map /
> i 4 ‘ RS
D : <l —_— _— [ N — Reconstructed
*xk* Clear A
Clear A
6-ch G Snow A 3-ch Gy
. i
.- N
%) —_— _O_ — — | Reconstructed
* ‘ a Snow B
Snow B i 6-ch Gy Clear B 3-ch G¢g
Snow B
seg map \
Dy

Figure 5. Architecture of the condition-guided adverse effects augmentation model based on Cy-
cleGAN [13]. Clear A and Snow B along with their segmentation maps are the input data. The
condition-guided conversions are conducted by 6-channel generators while the reconstructions are
completed by 3-channel generators. D4 and Dp are discriminators.

3.3.1. Custom Loss

We employed the same customized loss functions designated to LIDAR depth image
transformation in our previous work [6], including a depth loss [35,36] and an SSIM
loss [37], as shown in Equations (7)—(9):

2
tum - E0-4) - 22 (20 -4)) 7
1 1

where d; and d; are the reconstructed and initial depth, respectively, while the hyper-
parameter A, governs the scale invariance. Ag,,; was assigned to 1 to achieve the
full invariance:
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. VITINTR 205
SSIM(N, K) = —2vkn + )@y Fe2) (8)
(VN+VN+C1)(UN+UN+CZ>
Lsim =1 —SSIM(N,N) 9)

where N is the normalized image tensor of the original real image, N is the normalized
image tensor of the reconstructed image, jiy is the average of N, py is the average of N,
U]%] is the variance of N, (7]2\] is the variance of N, oy is the covariance of N and N, and c1
and c2 are two variables to stabilize the division with a weak denominator.

The depth loss regulates the scales of any generated point cloud while the SSIM loss
ensures that the overall structure of the point cloud remains unchanged. Together, these
components constitute the custom loss, as specified in Equation (10):

Ecustam = Adﬁdepth + /\s‘cssim (10)

where A; was set to 10, the same as the default settings in GAN loss, and As was set to 0.1
because too high an SSIM loss might lock the model into overfitting.

3.3.2. Identity Loss

In our model’s endeavor to augment snow effects onto clear point clouds, a key focus
is placed on preserving the intrinsic structural integrity of the input data. To achieve this,
besides the custom loss functions, we incorporated an approach similar to identity loss, a
mechanism that ensures the augmented output retains the fundamental characteristics of
the original point cloud. This aspect is crucial for maintaining realism and accuracy in the
synthesized snowy scenes. The identity loss function is shown below:

Lig = Gsc(Ic) —Ic || + || Ges(Is) — Is || (11)

Here, Ggc represents a generator transforming clear to snowy, and G¢g represents a
generator transforming snowy to clear. I and I5 are input point clouds from the clear and
snowy domains, respectively.

Central to this methodology is the strategic input of the target dataset into the model.
By feeding the clear point clouds as inputs in their original form, the model learns a
mapping that minimizes alterations to the inherent structure of these point clouds. The
identity loss function acts as a regulatory mechanism, guiding the model to respect and
preserve the original data’s topology and spatial configuration.

During the training phase, the model processes the unaltered clear point clouds along-
side the primary task of generating snow-augmented point clouds. This dual processing
enables the model to compare the output against the original input, ensuring that the
augmentation process does not compromise the essential structural elements. The identity
loss quantifies the deviation of the augmented output from the original structure, pushing
the model to generate outputs where the addition of snow effects is seamless and natural,
without distorting the underlying point cloud architecture.

The integration of identity loss in our model serves to ensure structural fidelity, as it
maintains the geometric and spatial characteristics of the original point cloud. It enhances
the realism of the augmentation by constraining the model to respect the original data’s
structure, aligning the snow effects with real-world dynamics. Furthermore, this approach
enhances the model’s robustness, reducing the risk of overfitting to specific snow patterns
or anomalies in the training data and thereby improving its generality.

3.3.3. Overall Loss Function

Upon integrating the conventional GAN adversarial losses between the clear and
snowy data and the cycle consistency loss [13], we arrive at the comprehensive objec-
tive loss:
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L(Gsc,Ges, Da, D) = AgLcan(Gsc, Da, Is, Ic)
+ A¢Lcan(Ges, D, Ic, Is) (12)
+ Acycﬁcyc + /\cusﬁcustom + )\idﬁid

where Ag, Acye, Acus, and Ajy denote the weight coefficients of adversarial losses, cycle
consistency loss, custom loss, and identity loss, respectively. The higher the weight, the
larger the influence the corresponding loss function has on the model. During the training
process, the parameters were set as follows to achieve the best performance: Ag = 10, A¢yc = 40,
/\CMS = 1, and )\id =0.5.

3.4. Violations and Solutions in LiDAR Data Augmentation

Violations concerning LiDAR sensor properties are a frequent occurrence in data
augmentation, and various solutions have been proposed to address them. LiDAR sen-
sors perceive the world in a polar coordinate system, with the sensor at the center, as
opposed to a Cartesian coordinate system. Initially, this difference was not adequately
considered in scene transformations, because added noise was uniformly distributed
throughout the scene [11]. However, as demands for accuracy increased, the physical
characteristics of noise points began to be incorporated. For instance, a normal distri-
bution was used for arranging synthetic snow points to more accurately reflect their
physical properties [11], but the violation remains. A more refined approach involves
resampling the entire dataset in a resolution that corresponds to the sensor’s horizontal
turning rate and the number of vertical channels. This method, which aligns with the
depth image approach used in our research [6,34], has been validated for its effective-
ness [12]. Such resampling ensures that the augmented data more accurately mirror the
way LiDAR sensors capture and interpret the world, leading to more realistic and useful
augmentation outcomes.

Occlusion poses a potential risk in point cloud data augmentation, where the addition
of extra points could obscure the trace of an original signal, rendering the original point’s
presence illogical. We offer a perspective on spherical coordinate filtering to address
this problem. By converting the LiDAR point cloud’s Cartesian coordinates (x, y, z) into
spherical coordinates (0, ¢, r), it becomes feasible to identify points sharing the same
angular coordinates (6, ¢) but differing in the radial distance (r). Points with identical
angular coordinates but larger radial distances would be recognized as occluded by the
artificially added points. This conversion and subsequent filtering ensure an accurate
representation of the occlusion effects caused by augmented data.

4. Experiments and Results

Training, testing, and data processing were executed using the Pytorch framework.
Our model incorporates four ResNet residual blocks within the generator, optimized
for training on two NVIDIA RTX 3090Ti graphics cards. We set a batch size of four, a
decision influenced by the complexity inherent in the conditional generative models. A
linearly declining learning rate schedule starting from 0.02 was employed until the model
reached convergence.

4.1. Reproduction of Real Adverse Conditions

We carried out experiments using our trained model on the CADC dataset, which
was split in a 6:1:3 ratio for training, validation, and testing purposes. With the available
ground truth provided by the CADC dataset, our goal was to replicate the adverse effects
within this dataset and assess the model’s generation capabilities.

4.1.1. Qualitative Results

Figures 6 and 7 present the adverse effect reproduction of the CADC dataset based
on the early fusion—conditional generative model. For sets (a) and (b), the clear data,
fake snow generation from our model, and the real snow from CADC are placed at the
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left, middle, and right columns, respectively. Each of the scenarios features an over-
all BEV in the top row; the clustered results produced by the 3D clustering algorithm
show the changes in snow clusters in the middle row; and the bottom rows show mag-
nified third-person views of the point cloud’s central region, where the ego vehicle
is situated.

Observations from the areas highlighted by red arrows and enclosed within red boxes
indicate a notable reproduction of scattered snow features. Snow clusters, particularly those
in purple and dark blue around the ego vehicle, appear enhanced. A detailed examination
of the clustering in Figure 6 reveals that the synthesized snow clusters are denser and more
extensive than in the actual scenarios. However, in Figure 7, the synthetic clusters do not
extend across the central region as broadly as in the real case. This outcome is attributed
to the early fusion method’s characteristic of capturing both snow clusters and objects via
segmentation maps. As a result, while the model efficiently replicates snow clusters, it
simultaneously accentuates relevant objects with minimal interference from surrounding
minor snow clusters. This effect is evident in the bottom row of Figure 7, where an area
with multiple pedestrians is shown to be enlarged. Here, snow clusters are generated
without significantly dispersing the signal on pedestrians, but rather enhancing it. In
summary, the model effectively replicates adverse weather effects in the CADC dataset
while ensuring that pertinent objects remain clearly identifiable, maintaining the integrity
of their structure.

Clear(a) Fake snow(a)

Figure 6. Set (a) augmentation results in the Canadian driving scenario. First row—BEV scenes,
colored by height; middle row—clustered results, colored by cluster groups; bottom row—enlarged
third-person view center part around the ego vehicle, colored by height. Red boxes and arrows—
locations where snow’s effects are reproduced.
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FRRANY

Fake snow(b)

Figure 7. Set (b) augmentation results in the Canadian driving scenario. First row—BEV scenes,
colored by height; middle row—clustered results, colored by cluster groups; bottom row—enlarged
third-person view center part around the ego vehicle, colored by height. Red boxes and arrows—
locations where snow’s effects are reproduced.

4.1.2. Quantitative Results and Ablation Study

To assess the effectiveness of the proposed conditional generative model in synthe-
sizing adverse effects, particularly in comparison with other methods, a precision-recall
analysis was conducted along with an ablation study on the model without the conditional
guide, as outlined in Equations (13) and (14). Similar to the previous approach, the point
clouds were analyzed on a cluster basis. This analysis, focusing on replicating snow effects
within the CADC dataset, bases its calculations on the CADC ground truth to ensure
reliability in the generative model performance evaluation.

For this evaluation, a subset of samples from the test dataset, which had not been
included in training, was selected without bias. Each cluster in these samples underwent
manual labeling to identify the presence of snow clusters. The parameters for all com-
parative methods were uniformly set, ensuring equal treatment in parameter application
across all methods under evaluation. This consistent parameter setting allows for a fair
comparison of each method’s ability to generate realistic adverse effects while preserving
the integrity of the driving scene:

generated clusters M labeled as snow
total generated clusters

Precision = (13)
generated clusters N labeled as snow
total labeled snow clusters in CADC

Looking at Figure 8, it is evident that both the model without a conditional guide and
the Contrastive Unpaired Translation (CUT) [38] model struggle to accurately reproduce
snow clusters found in the original dataset. The F1 score of CUT is only 0.405, and this
challenge stems from their limited understanding of adverse effects. Intriguingly, the
precision of the model without a conditional guide slightly exceeds the proposed model by
less than 1%. This minor advantage primarily arises from its handling of occluded objects,
a residual aspect in this model. As the proposed model endeavors to regenerate snow

Recall = (14)
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clusters, it inadvertently reconstructs or augments some partially composed non-snow
objects, leading to a precision just shy of 90%, but an apparent improvement in recall rate,
which can be further affirmed by the higher F1 score (0.888) compared to that of the model
without a conditional guide (0.802).

Precision & Recall rate of snow clusters generation

91,88
90 86(58 85.97
80
72|59 7‘1'7
70
61(72
60
40 37|53
30/11

30 25145
20 14{75
10

0

Generation Precision Generation Recall

Percentage
w
o

w/o conditional guide  CUT ®m CVAE m Random points M Proposed model

Figure 8. Precision and recall rates comparisons of adverse effects generation based on snow clusters.

Conversely, the CVAE model, despite similar conditional guidance, fails to effectively
address driving scenarios. Its focus is predominantly on generating snow clusters around
the vehicle’s immediate vicinity, neglecting the broader scene. This results in a significant
loss of the original point structure and tiny snow clusters in other areas, contributing to
its notably low recall rate with an F1 score of 0.495. As for randomly generated points
with a normal distribution, the 3D clustering algorithm has a hard time identifying distinct
clusters, leading to a substantial increase in noise with a corresponding decrease in cluster
identification, as reflected in the 14.75% precision rate and 0.187 F1 score.

In addition, the proposed model, with the additional segmentation map, shows a
modest increase in inference time per frame (137.6 ms) compared to 118.1 ms for the basic
model (without a conditional guide) and 74.1 ms for CUT, due to the increased input
channels and added computational complexity. Despite this increase, the performance
remains within acceptable limits for real-time applications in autonomous driving, where a
sub-150 ms inference time per frame is considered practical [39].

In summary, the proposed condition-guided generative model stands out with the
highest recall in reproducing snow effects from the CADC dataset, achieving this with
satisfactory precision. This underscores the efficacy of the proposed model in generating
realistic adverse weather conditions for LiDAR point clouds.

4.1.3. Detection Rate Improvement

In order to evaluate the improvements of proposed data augmentation in percep-
tion enhancement, we utilize the 3D-object-detection metrics from the KITTI evaluation
framework [40]. In line with [41], we report the average precision (AP) across 40 recall
positions to ensure a balanced comparison. Our investigation focuses on the impact of our
augmentation scheme for adverse conditions on two widely used 3D-object-detection meth-
ods [42,43]. We assess our approach against a baseline model without any augmentation,
and we then consider the results of using augmentation data generated by our proposed
model. In addition, we compare these results with those obtained from de-noising point
clouds using the DROR method [3].

The detection rates are detailed in Table 1. The 3D average precision (AP) is reported
on baseline (no augmentation) and our proposed augmentation model with 2691 samples.
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Augmentation with DROR filters is also provided for reference. A key observation from
this data is that our comprehensive augmentation, featuring both scattered and clustered
adverse effects, markedly enhances performance in the most challenging test scenario,
specifically during fierce snowfall. This enhancement is significant when compared to
both the baseline approach and the de-noising filter. Here, our complete augmentation
outperforms the baseline by a noteworthy 2.46% increase in AP.

Table 1. Comparison of augmentation methods for 3D object detection in snowfall on CADC. Bold
numbers indicate highest results.

Detection Method PV-RCNN [42] SECOND [43]
Augmentation method None DROR Ours None DROR Ours
3D average precision (AP) 43.11 38.69 4557 37.08 3531  38.23

An example of visual results showing the data augmentation scheme is presented in
Figure 9. The top row displays a composite of RGB images from three cameras, oriented
left—front, directly ahead, and right-front, collectively representing a 180° frontal view
of the ego vehicle. The subsequent BEV point clouds compare detection outcomes using
our augmentation method and the DROR filter against a baseline with no augmentation,
alongside the ground truth. Pedestrians are denoted in red dots while cars (and trucks) are
denoted in black bounding boxes with red dots in the center.

Figure 9. Qualitative comparison of detection results on samples from CADC containing fierce
adverse conditions. The top row shows the corresponding forward 180° RGB images. The rest
show the LiDAR point clouds with ground-truth boxes and predictions using the baseline (“no
augmentation”), our augmentation, and DROR. Red dots denote pedestrians, and black boxes with
red dots in the center denote cars (or trucks). Point cloud colors encoded in height.
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From the RGB images and ground truth, we observe a scenario with many moving
pedestrians and parked cars under heavy snow. The baseline model, lacking augmentation
data, struggles to detect pedestrians and cars beyond a certain distance or those partially
obscured, and often fails to accurately gauge the gesture and dimensions of detected objects. In
contrast, our augmented data method enables a more precise detection of cars and pedestrians,
particularly those nearer to the ego vehicle, with accurate parameters. As for the augmentation
scheme with DROR filters, the performance turns out to be worse than the baseline. This is
attributed to the removal of critical points necessary for object detection.

However, it is important to note that two undetected parked cars at the bottom left
and two undetected pedestrians far ahead, as shown in the ground truth, are only observed
through camera assistance due to their minimal LiDAR signal presence. This is a common
issue in adverse condition datasets and partly explains the generally low average detection
rate observed in Table 1.

There is a car near the rear of the ego vehicle in the ground truth, barely noticeable
due to snow swirl occlusion, which none of the methods detect due to severe occlusion.
This might hint at the limitation of current learning-based perception improvement meth-
ods and suggest the need for advancements in sensor hardware to further overcome
such challenges.

4.2. Synthetic Adverse Conditions

In the other experiment conducted on the LIBRE Nagoya dataset [19], our objective
was to evaluate the model’s performance in overcoming domain gaps. The pre-trained
model based on CADC was tested on the 6000 frames of the Nagoya dataset, which was
collected under clear conditions in the urban area of Nagoya, Japan. This selection is partic-
ularly representative due to the significant domain differences between Canada and Japan,
especially regarding scenario layouts and traffic behaviors. The CADC dataset predomi-
nantly features suburban environments with sparse buildings and abundant vegetation, a
contrast to the urban settings commonly found in the Nagoya dataset.

4.2.1. Qualitative Results

Figures 10 and 11 present the adverse effect synthesis on the Nagoya dataset where a
domain gap exists. The clear data and the synthetic snow generation from our model are
placed in the left and right columns, respectively. For sets (a) and (b), each of the scenarios
features an overall BEV in the top row; the clustered results show the changes in snow
clusters in the middle row; and the bottom rows show magnified third-person views of the
point cloud’s central region, where the ego vehicle is situated.

The red arrows in the figures highlight the areas where snow clusters were generated.
Upon examining these indicated locations, it is evident that a number of snow clusters
formed near the central area, resembling typical patterns observed in snow-affected driving
scenarios. However, it is important to note that the level of generated snow is not an exact
match for the snow conditions found in the CADC dataset, particularly in terms of the
density of the purple and dark blue clusters depicted in the middle rows. This discrepancy
partly arises from our deliberate decision to reduce the extent of snow generation to avoid
generating artifacts. Additionally, the model operates across a significant domain gap,
characterized by different environmental layouts and traffic patterns, which necessitates a
more cautious approach.

As aresult, and as illustrated by the red boxes, the snow generation in the vicinity of
the ego vehicle and around the sidewalks predominantly features scattered snow points
rather than extensive clusters. This cautious approach is particularly appropriate given
the Nagoya dataset’s inherent composition, which includes numerous small-sized clusters,
often resulting from city greenbelts and occlusions. Therefore, generating snow in a more
restrained manner is the most effective strategy to maintain the original structural integrity
of the dataset while successfully synthesizing quasi-natural adverse effects.
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Figure 10. Set (a) augmentation results in the Nagoya driving scenario. Red boxes and arrows—

locations where adverse effects are synthesized.

T,

shc;w(b)

Figure 11. Set (b) augmentation results in the Nagoya driving scenario. Red boxes and arrows—

locations where adverse effects are synthesized.
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4.2.2. 3D Clustering Results for Nagoya Snow Synthesis

Since the Nagoya dataset lacks ground truth, the assessment will provide 3D clustering
results instead of precision and recall. These evaluations were essential for a quantitative
assessment of the model’s effectiveness in generating synthetic snow on a clean dataset.
The metrics reported in the subsequent results sections represent average values derived
from these samples.

Table 2 offers a quantitative comparison between the original Nagoya dataset and its
augmented version with synthesized snow, demonstrating the effects of the snow synthesis
process. Below is a detailed analysis of each metric.

The synthesized snow dataset shows a notable increase in the number of noise points,
rising from 1204.67 in the original Nagoya dataset to 2631.46. This increase is indicative of
the additional complexity introduced by the synthetic snow, representing a more challeng-
ing scenario for processing and analysis. This statistic is one of the most direct indicators of
a successful adverse effect synthesis.

Table 2. The 3D clustering metrics (avg.) comparisons between the original Nagoya dataset and
synthesized snow in Nagoya.

Items Nagoya Synthesized Snow

Noise number 1204.67 2631.46

Cluster number 480.25 1073.52
Reachability distance 0.2470 0.3952
Inter-cluster distance 59.30 49.45

Size of clusters 28.2638 13.3046
Davies—Bouldin index 2.3653 4.4149

Silhouette score —0.2170 —0.2927

The cluster number more than doubles in the synthesized dataset (1073.52) compared
to the original dataset (480.25) and is a direct consequence of the snow synthesis process.
The additional clusters likely represent the snowflakes or snow clusters, providing a more
realistic representation of a snowy environment.

Reachability distances in the synthesized dataset show an increase to 0.3952 from 0.2470
in the original dataset. This change suggests that the introduction of snow creates a more
scattered distribution of data points, emulating the dispersed nature of snowfall and its
impact on the visibility and distinguishability of objects within the dataset.

The average inter-cluster distance decreases in the synthesized dataset (49.45) com-
pared to the original dataset (59.30). This reduction might reflect the additional clusters
formed due to snow, which are closer together, simulating the dense and overlapping
nature of snow in the environment.

There is a notable decrease in the average size of clusters in the synthesized data
(13.3046) compared to the original dataset (28.2638). This decrease can be attributed to the
synthesized snow creating smaller, more numerous clusters, which is consistent with the
physical characteristics of snow affecting spatial data.

The silhouette score drops slightly in the synthesized dataset (—0.2927) compared to
the original (—0.2170), suggesting a decrease in the separation distance between neighbor-
ing clusters due to the added snow.

The Davies-Bouldin index increases in the synthesized dataset (4.4149) compared to
the original (2.3653), indicating less compact but more separated clusters, a likely result of
snow altering the spatial relationships within the data.

Overall, these metrics demonstrate the significant impact of synthesized snow on the
Nagoya dataset, successfully adding quasi-natural adverse effects to the scenario, which is
crucial for testing and improving algorithms in snowy conditions.
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5. Conclusions

In this paper, we introduced an innovative approach for augmenting adverse weather
condition data in autonomous driving applications. Our model leverages conditional guides
to generate natural adverse effects in LIDAR point cloud data, providing a much-needed
solution to the scarcity of diverse weather conditions in existing datasets. This scarcity often
hampers the development of robust perception systems for autonomous vehicles.

Our method’s key innovation lies in its ability to produce realistic adverse weather
conditions within point cloud data by generating segmentation maps to guide data aug-
mentation effectively. By replicating conditions like snow and rain with high fidelity, our
model enables the training of perception systems to handle real-world adverse weather
scenarios better.

The effectiveness of our approach was demonstrated through significant improve-
ments in detection performance compared to existing baseline models. Our experiments
highlighted that the model consistently outperforms state-of-the-art filters and augmen-
tation methods in terms of accuracy and precision, particularly in challenging scenarios
involving intense adverse weather conditions. Moreover, the proposed model exhibited
remarkable capabilities, accurately and naturally recreating over 90% of the adverse effects.
This facilitated a considerable boost in the performance and accuracy of deep learning
algorithms for autonomous driving, especially under adverse weather scenarios. Notably,
when employing our augmented approach, we observed a 2.46% increase in the 3D average
precision metric, indicating a substantial enhancement in detection accuracy and system
reliability. These quantitative improvements in 3D object detection, compared to models
trained without augmentation, validate the efficacy of our proposed method.

However, it is important to acknowledge that our current work primarily derives its
adverse condition data from a single dataset. While the CADC dataset has provided a
robust foundation for our initial investigations, particularly with snow as a test subject, the
diversity of adverse conditions experienced globally suggests a need for a broader data
source. Moving forward, a key area of development will be to extend our data sources
beyond the singular dataset.
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Abbreviations

The following abbreviations are used in this manuscript:

LiDAR  Light detection and ranging

GAN Generative Adversarial Networks

CADC  Canadian Adverse Driving Conditions

OPTICS  Ordering points to identify the clustering structure
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ICD Inter-cluster distance

SSIM Structural Similarity Index

DROR Dynamic Radius Outlier Removal
DSOR Dynamic Statistical Outlier Removal
PGM Polar Grid Map

DBI Davies—-Bouldin index

BEV Bird Eye View

CuT Contrastive Unpaired Translation
AP Average precision
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