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el’s class needs to be hand-labeled. Furthermore, most large 
datasets, such as CityScapes, are composed of images col-
lected in clear weather conditions (2). This results in lower 
segmentation accuracy when the model is tested on images 
in adverse weather conditions. For example, rain can obstruct 
parts of the image, and fog can cause blurring. 
	 In the past few years, there have been many approaches 
to the challenge of domain adaptation for perception. Domain 
adaptation refers to adapting a model trained on one data dis-
tribution (such as clear weather) to other distributions (such 
as adverse weather). A deep learning based framework for 
robust traffic sign detection (DFR-TSD) improved traffic sign 
detection by training models to reverse weather effects on im-
ages (3). Although detection was improved for traffic signs, 
this task is very specialized and doesn’t apply to perception 
in general. Another paper introduced domain generalized se-
mantic segmentation (DGSS), which generates adversarial 
styles using style mining for image segmentation (4). DGSS 
mainly tackles the issue for night-time domain adaptation, 
not for adverse weather in general. Previous research has 
also introduced tests for the robustness of models by apply-
ing various image transformations and evaluating models on 
the transformed images (5). Although all these papers relate 
to domain adaptation, none discuss autonomous vehicle se-
mantic segmentation domain adaptation across both time and 
weather when only given clear weather data. Our goal was 
to introduce a way to improve detection in adverse weather 
when only given clear sky data, and we hypothesized that 
augmenting clear weather data in training improves semantic 
segmentation in adverse weather conditions. We predicted 
the augmented data can train the model to extract features 
invariant to the domain. After training and evaluating seman-
tic segmentation models with and without augmentations, we 
concluded that augmentations improve perception in adverse 
weather conditions.

RESULTS
	 Our goal was to introduce a way to improve perception in 
adverse weather when only given clear sky data. We hypothe-
sized that augmenting clear weather data in training improves 
semantic segmentation in adverse weather conditions. We 
trained three semantic segmentation models with the UNet 
architecture: M1, M2, and M3. All data was collected in Car 
Learning to Act (CARLA), an autonomous vehicle simulator. 
The first model, M1, was trained on clear weather images. M1 
is the control. M2 was trained on augmented clear weather 
images, and M3 was trained on weather images (Figure 2). 
We measured training and validation loss and accuracy for 
all models (Tables 1 and 2). The loss value measures how 
much the prediction differs from the actual, so a lower loss 
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SUMMARY
Robust perception is crucial in autonomous vehicle 
navigation and localization. Visual processing tasks, 
like semantic segmentation, should work in varying 
weather conditions and during different times of day. 
Semantic segmentation is where each pixel is assigned 
a class, which is useful for locating overall features. To 
train a model to perform semantic segmentation, large 
amounts of data are needed, but the labeling process for 
segmentation data is especially tedious. Additionally, 
many large datasets include only images taken in clear 
weather. This is a problem because training a model 
exclusively on clear weather data hinders performance 
in adverse weather conditions like fog or rain. In general, 
visual processing tasks like segmentation have less 
accuracy in adverse conditions. We hypothesized 
that applying image augmentation during training 
can enhance semantic segmentation performance for 
autonomous vehicles in adverse weather by decreasing 
the loss of the model. We trained models with data 
from Car Learning to Act (CARLA) of both clear images 
and weather-affected images. Our results show that 
augmentations significantly improved segmentation 
in weathered conditions, but models trained on actual 
weather data still significantly outperformed models 
trained on augmented data in most conditions. This 
suggests that while augmentations don’t completely 
solve the domain adaptation problem, they still offer an 
improvement.

INTRODUCTION
	 Perception is a crucial task for autonomous vehicles be-
cause they allow for accurate driving in a complex environ-
ment. Semantic segmentation is one example of a perception 
task. In semantic segmentation, each pixel in the image is giv-
en a class label (1). For example, cars are all given an ID, and 
roads are given a separate ID (Figure 1). Using this segment-
ed image, autonomous vehicles can locate important land-
marks to perform autonomous actions, making segmentation 
an important task. Semantic segmentation models often per-
form worse in adverse weather conditions due to training on 
only clear-sky daytime images. This is a weakness because 
we want autonomous vehicles to have robust perception in all 
weather. We addressed this problem by exploring the impact 
of image augmentations on model performance in simulated 
adverse conditions.
	 To train a robust segmentation model, large amounts of 
images and labels need to be collected. Labels are especially 
tedious to create for image segmentation because each pix-
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means a model is more accurate. To acquire the loss values, 
we ran the models on seven test sets which each have differ-
ent weather types and times of day, such as daytime clear or 
nighttime rainy.
	 With augmentation, the accuracy for random weather 
conditions improved from 0.8600 to 0.8822, and the loss 
decreased from 0.5045 to 0.4369 (Tables 1 and 2). Models 
trained on augmented data had significantly lower loss than 
models trained on clear data when tested on rainy night data 
and random weather night data (p < 0.001, 2-sample t-test, 
Table 3).
	 There is also less “noise” in the augmented model pre-
diction than in the clear weather prediction (Figure 3). Here, 
“noise” is a qualitative observation that refers to how the clear 
weather prediction tends to have more sporadic inaccurate 
blotches than the augmentation model prediction. The loss of 
the weather data models is significantly lower than that of the 
augmented data models on all seven test sets except DC (p < 
0.001, 2-sample t-test, Table 3).

DISCUSSION
	 Our central hypothesis was that augmenting clear weather 
data in training improves semantic segmentation in adverse 
weather conditions. After training and evaluating semantic 
segmentation models with and without augmentations we 
concluded that when only training on clear-day images, apply-
ing image augmentation improves model performance during 
adverse weather conditions. Our results show that applying 
augmentations decreased the loss when testing on random 
weather conditions. This indicates that image augmentation 
may generally improve model performance. There is also sta-
tistically significant evidence that augmentations decrease 
test loss in nighttime rain or nighttime random weather condi-
tions. The randomness and diversity of augmentations could 
explain this trend, allowing the model to adapt better to ad-
verse lighting conditions during the night.
	 Data augmentation is a commonly used technique to 
increase the volume of image data. The effectiveness of 
weather augmentations suggests that data augmentation, 
especially for autonomous vehicle perception, should include 
weather-based augmentations like the techniques tested in 
this paper. Despite the positive results, there are many limita-
tions and possible improvements. Since the loss of the weath-
er data models is significantly lower than the augmented data 
models on several test sets, there is room for improvement in 

the domain adaptation approach. The optimal domain adap-
tation approach would meet or exceed the performance of a 
model trained on weather data when only given ground truth 
clear data.
	 Our approach shows that augmentations during training 
allow for domain adaptation agnostic of the type of model. 
Because of this, our models’ ability to perform semantic seg-
mentation is less powerful than state-of-the-art models be-
cause of our technique. A variety of state-of-the-art domain 
adaptation models and their performance are detailed in the 
DGSS paper (4). Future work would be to train a state-of-
the-art model using our augmentation approach. Also, cus-
tom augmentations outside of the ones we used should be 
evaluated (6). The augmentations we used include random 
rain, random fog, and some others (described in Materials 
and Methods). Although our augmentations apply weather 
variation to the image, they are weather-specific augmenta-
tions, which is a drawback. As future work, the augmentations 
should be non-weather-specific yet still introduce realistic 
weather variation. For example, it’s possible that a combina-
tion of blur, noise, and other image filters could span the pos-
sible image transformations caused by weather. This could 
improve the detection in a wider range of weathers instead of 
the specific weathers that the augmentations tailor.
	 A simulation limitation is that CARLA, the autonomous ve-
hicle simulation we used, does not include weather options 
such as snow (7). Future work would use a dataset of more 
diverse weather conditions. This can be done in simulation, 
but simulations still have drawbacks. For our data collection in 
CARLA, the car always spawns perfectly aligned on the road, 
and many factors of random noise are reduced. This level of 
perfection is absent in real life, so extrapolating our approach 
to real-life datasets is an important next step. 
	 The significance testing method could also be improved. 
Since we used 10-fold cross-validation for training, some 
models shared data, making the loss of the models not com-
pletely independent from each other. This can cause prob-
lems with the accuracy of the significance test because the 
t-test assumes that all samples are independent. Future work 
would ensure every sample is independent. This can be done 
by acquiring a dataset large enough so that the 10 models 
that are trained have no shared data.
	 This study serves as a stepping point for the end goal of 
training a model to effectively perform segmentation in real-

Figure 1: Semantic segmentation example. A) RGB (red green 
blue) and B) semantic segmentation mask, taken from our dataset.

Table 1: Loss of models in various test sets. The dataset name 
follows the convention of {D/N}{C/R/W}, where D = day, N = night, C 
= clear, R = rainy, and W = random weather and time.

Table 2: Accuracy of models in various test sets. The dataset 
name follows the convention of {D/N}{C/R/W}, where D = day, N = 
night, C = clear, R = rainy, and W = random weather and time.
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life adverse weather when only given data in clear day weath-
er. There are still numerous ways, as described above, to im-
prove upon our approach. Augmentations should be further 
researched because they are a promising technique clearly 
applicable to autonomous vehicle perception and most likely 
applicable to perception in general.

MATERIALS AND METHODS
Data collection
	 We collected data using CARLA, a widely used 3D au-
tonomous vehicle simulator. CARLA has numerous towns, or 
different locations, each with its own unique architecture and 
style. Some towns are urban cities with skyscrapers, while 

others are rural farmlands with barns and crops. This allows 
us to simulate the vehicle in a variety of environments.
	 CARLA sensors can be used to capture a scene in RGB 
and semantic segmentation. We attach both cameras to the 
front of the vehicle, so all images were captured on the road. 
The semantic segmentation is divided into 29 different class-
es, which are comprehensively detailed in the CARLA docu-
mentation. We collected 2 training datasets of 1200 images 
each. The D1 dataset includes only images taken in clear 
weather using the weather ClearNoon preset. The D2 dataset 
includes randomly generated times of day and weather from 
the CARLA presets. 
	 To generate each dataset, we first set the world to Town 1 
and teleported the vehicle to a random location on the road. 
Then, we adjusted the weather according to the desired da-
taset and then recorded the current snapshot from the RGB 
and semantic segmentation camera. We repeated this until 
150 data points were recorded for Town 1. Then, we repeated 
everything for Towns 2-7 and 10. In total, each dataset had 
1200 images because 150 data points were recorded for 
each of the 8 towns.
	 We generated seven test sets of 400 images, each un-
der various weather conditions. We followed the same data 
collection procedure as the training set but only collected 50 
images per town, for a total of 400 images per training set. 
The seven datasets were collected on clear days (DC), rainy 
days (DR), random weather days (DW), clear nights (NC), 
rainy nights (NR), random weather nights (NW), and random 
everything (W).
	 Source code for this project can be found at: https://github.
com/BubblyBingBong/AugmentationSegmentation

Image augmentation
	 The goal of image augmentations is to teach the model to 
extract features invariant to the domain. To do this, we applied 
a series of weather augmentations to each image. We used 
the Albumentations library to make applying various types of 

Table 3: Loss and single-tailed 2-sample t-test p-values of 10-
fold models in various test sets. Mean and standard deviation of 
the loss of the 10-fold models for the clear, augmented, and weather 
datasets. For each test set, the lowest loss is bolded and the second 
lowest loss is underlined. The p-value for the augmented dataset 
models having lower loss than the clear dataset models and the 
p-value for the weather dataset models having lower loss than the 
augmented dataset models are written. All p-values below 0.001 
are also bolded. The dataset name follows the convention of {D/N}
{C/R/W}, where D = day, N = night, C = clear, R = rainy, and W = 
random weather and time. 

Figure 3: Example predictions on three images. A) M1 (Clear Data), B) M2 (Clear Augmented), and C) M3 (Weather Data) were tested on 
various images in our dataset. 

https://github.com/BubblyBingBong/AugmentationSegmentation
https://github.com/BubblyBingBong/AugmentationSegmentation
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image augmentations easier (6). We used the Albumentations 
library to generate random rain, random sun flare, random 
fog, random RGB shift, and random gamma. Each of the five 
augmentations had a 0.5 probability of being applied to an 
image. When these augmentations were compounded, they 
produced a diverse range of images that w ere then inputted 
into the model for training (Figure 4).

Overall model training and evaluation
	 We first trained three models. The first model M1 is trained 
on D1, which has all clear weather images. The second model 
M2 is trained on D1 after applying image augmentations. The 
third model M3 is trained on D2, which has images in ran-
dom weather and during different times of day. We used Ten-
sorFlow’s SparseCategorialCrossentropy loss as the training 
metric because there are multiple label classes and the labels 
in our data are integers, not one-hot encoded (8).  
	 We utilized a UNet architecture with a MobileNetV2 back-
bone pre-trained on ImageNet (9). We chose UNet because 
it’s one of the most efficient model architectures for semantic 
segmentation. The UNet is an encoder-decoder convolutional 
neural network. The encoder (contracting path) detects all 
complexities of image features using convolutional and max 
pooling layers, and the decoder (expansive path) upscales 
these detected features to segmentation masks using convo-
lutional and unpooling layers. There are skip connections be-
tween layers of the encoder and decoder to allow for reliable 
segmentation across both high-level features, like the location 
of an edge, and low-level features, like the class of an ob-
ject. The input images are resized to 224x224 because that’s 
the input size for MobileNetV2. For all models, we trained for 
50 epochs because that minimized overfitting. We randomly 
selected 1,000 train samples and 200 validation samples. A 
1,000-200 split ensures there’s enough training data while 
providing enough validation data to accurately determine 
when overfitting starts.

Significance testing
	 To determine if image augmentations during training create 
a statistically significant decrease in the loss value, we trained 
10 models each on D1, augmented D1, and D2 for 30 mo-
dels total. We did not directly compare the losses for M1, M2, 
and M3 to determine if augmentations decrease loss because 
random variation could skew results. Using a significance test 
allows us to see if differences in loss are due to true model 
performance or randomness.
	 We used 10-fold cross-validation for each dataset becau-
se this makes sure each model has enough training data. 
For example, the first model was trained on all 1200 images 
except the first 120. The second model was trained on all 1200 
images except the second 120, and so on. Each model was 
trained for 20 epochs because that number reduces total trai-
ning time and is still high enough to prevent underfitting. We 
evaluated the loss of each of the 20 models on all 7 test sets. 
	 For every test set, we had 10 loss values for each of the 
3 datasets. To determine the p-value, we ran a single-tailed 
2-sample t-test on corresponding sets of 10 loss values for 
each test set.
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