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Figure 2 illustrates the aim of data-driven noise model for camera. In this figure, we can see the exact same scene 
with only the weather condition differing. The observation is clear: the objects or things present in the three scenes 
remain the same, what changes is their appearance. 

Style Transfers involves moving from an image expressed in one style to another while preserving the content. This 
implies, in each image, being able to distinguish what pertains to the content from what pertains to the style or 
appearance of the objects present in the image. Recently, this field has seen rapid advancements, as shown in Table 
1. In 2016, the method proposed by Gatys et al. [1] allows changing the style of an image to the style of a reference 
image using the intermediate layers of a neural network.  

 

Table 1: Summary of transfer style methods identified in the literature. 

Algorithm name Year REF Paired database Weather-
specific 

Type 

Neural style transfer 2016 [1] Yes No GAN 

Pix2Pix 2017 [2] Yes No GAN 

CycleGAN 2017 [3] No No GAN 

CUT 2020 [4] No No GAN 

Weather GAN 2021 [5] No Yes GAN 

TPSeNCE 2023 [6] No Yes GAN 

CYCLE-DIFFUSION 2022 [7] No No DIFFUSION 

Zero-shot contrastive loss 2023 [8] No No DIFFUSION 

GInStyle 2023 [9] No Yes DIFFUSION 
 

In a neural network, the first layers can extract features related to the style of the image while those closer to the 
output capture features related to the objects. Thus, by passing two images of different styles through the same 
neural network, we can dissociate their style from their content and then make a mix by linking the style of one to the 
content of the other. This method, named "neural style transfer," produces visually interesting results but is not 
suitable for the task we aim at. Indeed, as we have already mentioned, a good statistical/machine learning method 
is one that improves as the quantity of data increases. However, with "neural style transfer," increasing the data 
quantity will have no effect, as this method can only transfer the style of one image to another. 

Other algorithms have been developed to allow the style transfer of a group of images to another group. The neural 
network Pix2Pix [2] is one of the first successful methods of style transfer using Generative Adversarial Networks 
(GAN). An example of this is to transform sunny images into rainy ones. For this operation, we start by creating a 
database containing the same scenes photographed both in good weather and under rain, as shown in Figure 3. 
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Figure 12: Data used to demonstrate the need for the Group2Group learning method. 

When trying to transfer from the forest (sun) to the city (rain), we get the results in Figure 13 with the CycleGAN 
algorithm (CUT gives a similar result) then from the city (sun) to the city (rain). There are many observations, the 
results are generally of poor quality when transferring from the forest to the city and vice versa. It is observed 
that from the forest to the city the style transfer adds a lot of green. On the contrary, from city to city the results 
are generally of better quality. 

Without similar sub-groups With similar sub-groups 

  

Figure 13: Results obtained with group learning method on forest vs city data. 

Then, to achieve a successful style transfer, it is not enough to simply have sunny images on one side and rainy 
images on the other. The quality of the transfer decreases when the two groups of images are very different. As 
shown in Figure 13, when trying to transform rainy city images into sunny forest images, the excessive presence of 
green reveals that the algorithm associates this colour with the stylistic aspect of forests. This experiment also shows 
that the more similar the groups of images are, the more effective the transfer process is. However, with techniques 
like CycleGAN or CUT, there is a risk that two very different subgroups are randomly associated during training. 
Ideally, in our study, the image groups should differ only by the weather conditions, in line with the goal of the 
Group2Group method. 
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Figure 15: Example of interesting side effects learnt from the data-driven noise model. 
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Figure 16: Results obtained by data-driven noise models on the REHEARSE database. 

We also applied the models obtained to the images in the REHEARSE database (D3.2), as shown in Figure 16. As 
a reminder, this database will be used to validate the data-driven models in task 3.4. The following section discusses 
the camera noise models that have been developed. 
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For the winter of 2022-2023, the following weather sensors were used: Vaisala PWD12 (rain, snow, fog), Luft VS2K 
(fog), and Vaisala WXT530 (rain). This combination of sensors allows for redundancy in measurement to compare 
measurements and maintain continuity in case one of the sensors fails. Indeed, the site is difficult to access during 
winter, and maintenance is not always possible. 

The database contains 2 723 LiDAR point clouds, each lasting one minute. For each point cloud, the weather is 
known. Therefore, we classify the point clouds to retain 4 groups: clear weather, fog, rain, and snow. Some point 
clouds are discarded because they do not fall into any of the 4 categories. 

For clear weather, only point clouds with the following characteristics are kept: 

PWD12_Weather Type = "Clear" 
PWD12_Rain intensity (mm/h) = 0 
WXT530_Rain intensity (mm/h) = 0 

VS2K_MOR (m) >= 2000 
PWD12_MOR (m) >= 2000 

There is neither fog (MOR>0) nor rain (Rr=0) in the case of clear weather. Moreover, the weather sensor announces 
clear weather. For rain, only point clouds with the following characteristics are kept: 

PWD12_Weather Type = "Rain" 
PWD12_Rain intensity (mm/h) > 0 

For rain, it is verified that the weather sensor announces a rain intensity and detects rain. For fog, only point clouds 
with the following characteristics are kept: 

PWD12_Rain intensity (mm/h) = 0 
WXT530_Rain intensity (mm/h) = 0 

VS2K_MOR (m) < 400 
PWD12_MOR (m) < 400 

ABS(PWD12_MOR (m) - VS2K_MOR (m))<=60 
For fog, the consistency between the two visibility sensors is checked, and it is ensured that there is a MOR below 
400m. This value is chosen because it defines the presence of fog in road context according to standard NF P 99-
320. For snow, it is ensured that the weather sensor announces the presence of snow. 

PWD12_Weather Type = "Snow" 

The conditions on snow are more lenient, as the occurrence is much less frequent. 

After performing the classification using weather sensors, data from three cameras (in three directions) were used to 
visually validate that the data are correctly classified. This step allows for the removal of point clouds misclassified 
by the weather sensors. For clear weather, visual validation helps keep only point clouds where the ground is dry (all 
point clouds with wet ground are removed). Similarly, all weather conditions where the weather is overcast are 
removed to ensure ideal visibility conditions. Conversely, for rain, only images with rain and wet ground are kept. 
Images where snow is present are removed. Similarly, for snow, only the point cloud where there is actually snow in 
the atmosphere and on the ground is kept. Following this classification work into four weather groups, groups of point 
clouds are listed in Table 3. As shown in the table, visual filtering eliminates many cases where the weather is poorly 
measured by the sensors. Weather measurement at extreme sites like PDD is challenging, and visual validation is 
therefore important. In the end, there are 45 point clouds distributed into four classes. Thanks to our ray-by-ray based 
model, these data are sufficient to conduct training as shown in section 3.5. Before this, some technical details are 
given in the following section. 

 

 Before video filter After video filter 
Clear 49 5 

Rain 25 11 

Fog 40 28 

Snow 6 1 
Table 3: Number of point clouds available in the database, by weather, for the winter 2022-2023. 
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Clear weather Fog conditions Classification 

 
Figure 23: Classification of 'no change' or 'disappeared' points, for three levels of fog in BEV. MOR from top to bottom: 
50-75m, 75-100m, 100m-200m. Black point cloud in clear weather, grey point cloud in fog, green point classified as 'no 
change' and red point. 

  













 
Deliverable No. D3.3  Title 
Version 01   Library of validated statistical noise models 
Project no. 101069576 

Page 33 of 44 
 

 

 

 

 

 

 

 Simulated Real 

MOR = 150m 

 

MOR = 90m 

MOR = 60m 

 

Figure 30: Results obtained by the fog data-driven noise model on LiDAR data of the PDD database, BEV. In black, the 
initial clear weather data; in blue, the simulated data with rain; in orange, the real data. 
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Figure 31: Results obtained by the fog data-driven noise model on LiDAR (Ouster) data of the REHEARSE database. Left 
is the simulation output, right is the real. 
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Figure 33: Results obtained by the rain data-driven noise model on LiDAR (Ouster) data of the REHEARSE database. Left 
is simulation output, right is real.  


















