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Abstract
The Road Surface Condition (RSC) significantly impacts a vehicle’s manoeuvrabil-
ity, braking capability and overall performance. Whether the road is dry, wet or
covered in snow, it impacts how the vehicle responds to the driver’s - or an au-
tonomous system’s input. If the vehicle could determine the RSC autonomously, it
could help both drivers and autonomous vehicles with decision making. By noti-
fying the driver or autonomous systems about the RSC ahead, it will improve safe
operation and efficient vehicle functionalities.

This thesis focused on developing a Convolution Neural Network (CNN) model ca-
pable of performing high resolution classification of RSC through semantic segmen-
tation. The input data for this model consists of images captured from a vehicle.

In order to train the CNN model a dataset is constructed by extending a dataset
done by a previous project at Chalmers University [2]. The dataset doubled in size
by manually labeling images from the DENSE Seeing Through Fog dataset [1] and
the Mapillary Vistas dataset [3] using the online tool CVAT [4]. The final dataset
consists of 1369 images with semantic labels.

Three segmentation architectures, PSPnet [5], OCRnet [6] and FCN [7], were com-
pared using two loss functions. PSPnet was further fine-tuned to achieve the best
performance of 80.19% mIoU (mean Intersection over Union) when segmenting the
different RSC classes wet, dry and snow.
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Below is the list of acronyms that have been used throughout this thesis:

RSC Road surface condition
CNN Convolutional Neural Network
ANN Artificial Neural Network
SGD Stochastic Gradient Descent
TP True Positive
TN True Negative
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IoU Intersection over Union
mIoU mean Intersection over Union
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1
Introduction

Vehicle crashes happens everyday and one of the major factors behind these is the
road surface condition (RSC). The RSC of a road is the result of the material the
road is made of, wear and tear on the road and the weather conditions. Statistics
from [12], show that about 20% out of all car crashes in the US are related to weather
conditions (10 year average 2007-2016). How weather conditions such as rain and
snow a�ects the RSC is tested in [13] where it is shown how the friction between a
vehicle and the road is changing depending on the weather condition. The friction
coe�cients decreases for weather conditions such as snow and rain compared to a
dry road and roads with di�erent friction changes the way a vehicle behaves when
driving on it by for example increasing the breaking distance when driving on a road
with a lower friction.

1.1 Background

If it is possible to determine the RSC ahead of a vehicle, that information could be
used to either help the driver by warning about slippery road conditions (snow, wet
road etc.) or it could be used by active safety functions. For example it could slow
down the vehicle if the road ahead is prone to a lower friction because of its RSC to
counter the increased braking distance.

With images taken by a camera mounted on a car, deep learning can be used to create
a model that is able to predict the RSC of an image. This has previously been done
through classi�cation using a convolutional neural network (CNN), training it with
images assigned with a label of its RSC on the drivable road as a whole [14]. A �aw
with this method however is its incapability of knowing where the di�erent RSC:s
are located in the image. There are many cases where getting more information than
the most prevalent RSC can be valuable. On a snowy road there could be tracks as
displayed in Figure 1.1 and on a mostly dry road there could be wet patches.

2
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