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Sammanfattning 
Målet med detta arbete var att undersöka om en maskininlärningsmodell 

kunde användas för att förutse snödensitet utifrån sex olika 

väderparametrar. Dessa var artificiell genererad snödensitet, 

lufttemperatur, marktemperatur, relativ luftfuktighet, vindhastighet och 

snödjupsförändring. Frågeställningarna som skulle besvaras var vilka 

väderparametrar som korrelerar med snödensiteten, vilken eller vilka 

modeller som presterade bäst samt om maskininlärningsmodellen skulle 

kunna vara att bättre alternativ till att mäta snödensitet manuellt. 

Undersökningen utfördes i applikationen Regression Learner i MATLAB 

genom att testa fem olika förhandsgjorda modeller vilka var Linear 

Regression, GPR Matern 5/2, SVM Medium Gaussian, Wide neural 

network och Trilayered neural network. Projektet inkluderar även 

datainsamling, städning av data, datamodifiering, datagenerering, 

träning, testning och evaluering av modellerna. Resultaten visar att 

lufttemperaturen och vindhastigheten över lag är viktigast för 

modellerna och att GPR Matern 5/2 samt Wide neural network presterade 

bäst. Slutligen kunde man argumentera för att maskininlärningsmodellen 

är ett bättre alternativ till att mäta snödensitet manuellt. 

Keywords: Machine Learning, soft sensor, snow density, linear 

regression, GPR, neural network, SVM
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Abstract 
The aim of this project was to examine if a machine learning model could 

be used to predict snow density from six different weather parameters. 

These were artificially generated snow density, air temperature, ground 

temperature, relative humidity, windspeed and the snow depth change. 

The questions asked were what parameters correlates to the snow 

density, what model will perform best and could this approach be a better 

alternative to measure snow density manually. The research was 

performed in the application Regression Learner in MATLAB by testing 

five different premade machine learning models on a dataset. The 

premade models were, Linear Regression, GPR Matern 5/2, SVM Medium 

Gaussian, Wide Neural Network and Trilayered Neural Network. Also, 

the project includes data collection, data cleaning, data modification, data 

generation, training, testing, and evaluating the models. The results show 

that air temperature and windspeed overall are the most important 

parameters and the GPR Matern 5/2 and the Wide Neural Network had 

the highest performance. Lastly, it was concluded that the machine 

learning model could be a better alternative to measuring snow density 

with a real sensor.  

Keywords: Machine Learning, soft sensor, snow density, linear 

regression, GPR, neural network, SVM 
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1 Introduction 
Every winter Sweden’s municipalities are faced with the responsibility to 

maintain the safety of traffic and pedestrians by making sure roads, 

railroads, bridges, bicycle lanes and sidewalks are free from ice and snow. 

This work is called winter road maintenance. Winter road maintenance is 

an extremely important job because it is essential to transport goods and 

assure that people can attend work and school safely and 

environmentally friendly during the winter. It is the Swedish Transport 

Administration who is responsible for maintaining the roads owned by 

the Swedish state which corresponds to about 100 000 km that needs to 

be maintained (Trafikverket, 2019). Today’s road maintaining work is 

performed by private contractors that are hired through the transport 

administration. The contractors work involves a lot of planning and there 

are often measurers that needs to be taken before the bad weather comes 

(Trafikverket, 2019). With tools provided from the Transport 

Administration, they can plan their work more effectively. Road Weather 

Information Systems or Vivs are weather stations stationed all around 

Sweden that provides the contractors with data consisting of surface 

temperature, air temperature, precipitation, wind speed, wind direction 

and humidity measurements in real time. They also have so called road 

cameras thar follows the weather conditions by photographing the roads 

every ten minutes which makes it easier for the contractors to identify 

and facilitate the planning and execution of snow removal (Trafikverket, 

2022). It is very important to exactly know these weather conditions. One 

reason is because the road net is divided into different classes mainly 

depending on how trafficked the road is, and different roads have 

different and specific priorities. For example, some roads can only allow 

2 cm of snow where other can allow 6-8 cm snow (Trafikverket, 2022). 
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1.1 Background and problem motivation 

Snow removal costs Sweden’s municipalities about 1.5 billion SEK every 

year and this number may increase due to climate change which makes 

our weather more unpredictable (Mid Sweden University, 2021). The 

winter road maintenance work can also be very dangerous especially 

when working at high trafficked roads. The Vinnova project Smart Snow 

Removal is working on developing different methods to make snow 

removal more effective and safer. At Mid Sweden University, a partner 

to Vinnova, a snow depth sensor and a snow weight sensor was 

developed that has been used to collect data over two winters. This data 

will be used in this project to try and examine if a data model or a “soft 

sensor” can be capable of foreseeing snow density from different weather 

parameters with the help of machine learning (ML). The hopes are that in 

the future, the soft sensor will become a cheaper, safer, and more effective 

tool for the winter road maintenance workers. Many other industries 

have similar problems with the measuring of a specific parameter. An 

example of where the soft sensor approach was tested with pleasing 

results was for measuring timber bundle volumes in the Swedish forest 

industry. In a paper written by Mattias O’Nils, Marco Carratù, 

Consolatina Liguori and Antonio Pietrosanto (2019) a shallow Neural 

Network (NN) was trained and tested with different number of neurons 

to estimate timber bundle volumes. The use of the NN proved to be a 

more effective alternative to estimating timber bundle volume. 

 

In a bachelor's essay written by Klara Alvelid (2022), the relationship 

between snow density and snow depth in three different types of terrains 

had been studied by measuring snow density at different depths. Alvelid 

(2022) claims that there is a relationship and a correlation between the 

density and depth. For each terrain, that the density increased as the 

depth increased up to a certain distance, thereafter it decreased. 



 

Soft sensor for snow density 

measurements 
 Filippa Brandt 

2022-06-10 

 

3 

1.2 Overall aim 

The aim of this project is to develop a soft sensor with the ability to predict 

snow density over a 0.25 m2 surface after a snowfall from different 

weather parameters with high accuracy so it can facilitate the work of 

winter road maintenance.  

 

1.3 Scope 

The dataset used in this project has been collected over the winters 2021 

and 2022, at two different cities, Sundsvall and Matfors, located 18 km 

apart from each other. The development of the sensors used to collect the 

data has not been a part of this project. The features included in the 

dataset are snow weight, snow depth, relative humidity, air temperature 

and ground temperature. Wind speed measurements were also added to 

the dataset afterwards, taken from SMHI (n.d.). There were 27 837 

observations extracted from each city. All research will be conducted in 

MATLAB’s machine learning application Regression Learner and only 

the provided premade machine learning (ML) models will be used. 

 

1.4 Concrete and verifiable goals 

The project will aim to answer the following questions: 

1. What weather parameters correlates with the snow density 

predictions? Which does not?  

2. What choice of regression model will make the best predictions? 

In other words, which model will result in the least amount of 

error? 

3. Could the soft sensor replace methods of measuring snow density 

manually with real sensors? 
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1.5 Outline 

The following chapter, chapter 2, necessary theoretical information is 

presented. The topics the chapter covers are basic properties of snow 

density, data preprocessing, machine learning (ML), topics related to ML 

and the different machine learning methods that will be used. The third 

chapter explains information about the data used in the project. The 

fourth chapter explains the projects course of action. The fifth chapter 

presents the projects results and in chapter 6, results are discussed and 

evaluated. Societal and ethical aspects are also discussed and how future 

work can be proceeded. The last chapter, chapter 7, provides a conclusion 

of the results. 
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2 Theory 
This section presents background knowledge about the projects related 

topics. The first part explains shortly about the physical properties of 

snow and what factors influences snow density. The second part explains 

the important steps in data preprocessing, which is done before the 

machine learning (ML) process. The third part gives an overall 

explanation about ML. The following four sections of the chapter goes 

into detail about the working principle of each ML-models that will be 

used with the provided dataset. The last chapter explains why and how 

different features from the datasets are removed. 

 

2.1 Snow density 

The density of newly fallen dry snow can vary between 30-100 kg/m3 

(SMHI, 2021). Snow density can be defined as the mass of snow per 

volume unit. Air temperature has a great impact on the size of the ice 

crystals which snow is made from. The crystals are often greater in size 

at temperature close to 0°C and decreases in size as the temperature gets 

colder (SMHI, 2021). Generally, you can say that the warmer the 

temperature, the higher snow density because it will have higher water 

content and water is denser than ice. While the lower the temperature, 

the lower the snow density.  

 

Relative humidity is defined as the amount of water vapor in the air at a 

certain temperature in relation to the maximum amount of water vapor 

at the same temperature. Humidity is strongly related to air temperature. 

The warmer air temperature, the more vapor can occur. (SMHI, 2022) 
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Another factor that also can affect snow density is wind speed. In a study 

conducted by Kosugi, Mochizuki and Nemoto (2007) the relationship 

between strong winds and snow density was examined. According to 

Kosugi et al. if there are strong winds along with a snowfall, snowflakes 

can break upon collision with the ground surface, creating small snow 

particles. If these particles are small enough, they can be transported by 

the wind, called drifting snow. If the drifting snow accumulates, which 

sometimes produces wind packed snow, the density can increase 

compared to snow under calmer weather conditions.  

 

2.2 Data preprocessing 

Data preprocessing is the second stage in the workflow of developing a 

predictive data model and comes after acquiring the sensor data, and if 

necessary generated data (see fig. 1). It is a process that takes raw data 

and transforms it into a useful format so it can be analyzed by a computer. 

Raw data is often messy and may contain errors or inconsistencies which 

can occur due to sensor malfunctions for example. It is a mandatory step 

in the construction of a data model. The steps in data preprocessing can 

vary depending on what application the data will be used for but in our 

case, it involves identifying and removing outliers, removing duplicates 

and compensate for missing values. Outliers are defined as observations 

that significantly exceed the expected maximum value for each feature.  

 

 

 
 

Fig. 1: Workflow of developing ML-model 
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2.3 Machine Learning 

ML is a subset of the category AI (Artificial Intelligence). The concept of 

AI is that you can train a system or a computer to “think” and learn on its 

own like the human brain while ML refers to the technologies and 

algorithms that allows this. By using mathematical algorithms together 

with large amounts of data, often called dataset, we can train the system 

to identify patterns in the data. With the patterns that the system has 

learned, it can make new predictions or decisions from new data without 

being explicitly programmed what to do in advance. The dataset that the 

ML-algorithm uses to create a model is usually split into three sets: a 

training set, which is used to train the model, a validation set, which is 

used to optimize model parameters, and a test set which used to get an 

unbiased estimation of the model’s performance. When you split your 

data into these sets, there will be an inherent tradeoff because every 

observation you take out of the training set into the test set is lost for the 

training set. K-fold cross validation is a method that solves this problem. 

The general procedure consists of randomly shuffling the dataset 

between training and validation sets and resampling it by splitting it into 

k different groups (Alpaydin, 2004). Thus, the constant k refers to the 

number of groups the data will be split into which each will be used as a 

learning experience for the model. K-fold cross validation is useful when 

you have a limited amount of data because it reduces biases and increases 

the learning possibilities for the model. 
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Fig. 2: Visual representation of splitting dataset and implementing k-fold cross 

validation 

 

 

ML can be divided into two different areas, supervised learning, and 

unsupervised learning. Supervised learning processes train models with 

known input and output data to make predictions on new input data. The 

output can either be a discrete response (classification) or a continuous 

response (regression). Fig. 3 presents a general supervised learning 

process. Unsupervised learning processes bases the model only on input 

data to identify unknown properties. Because the output data is 

unknown, the algorithm must guess patterns in the data. (MathWorks, 

2020)  
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Fig. 3: General process of supervised learning (Al-Jamimi, Al-Azani, & 

Saleh, 2018) 

 

There are a variety of different algorithms used in supervised machine 

learning processes. The ones that will be used in this project are pre-made 

models that can be found in MATLAB’s ML-application Regression 

Learner. They are from the categories: Linear Regression, Suport Vector 

Machines (SVM), Gaussian Process Regression (GPR), and Neural 

Networks. 
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2.3.1 Feature reduction 

It can sometimes be desirable to reduce the number of features 

(dimensionality) in a ML-model because it can reduce the computation 

time and sometimes improve the model’s performance. There are two 

main ways to reduce dimensionality, feature extraction or feature 

selection (Alpaydin, 2004). In feature extraction the goal is to find a new 

set of combinations of the original dimensions. In feature selection, we 

wish to find the k number of dimensions from a total set of d dimensions 

that gives us the most information and discard the other 𝑑 − 𝑘 

dimensions. Subset selection is a feature selection method which wish to 

find the subset of a set of features that will give the ML-model the highest 

accuracy. To determine which feature to remove, you can either use 

forward selection or backward selection. In forward selection you start to 

train the model with one variable and add them one by one. Backward 

selection is the opposite, instead you start with all features and remove 

them one by one. (Alpaydin, 2004) To determine in what order the 

features should be removed, we use something called a feature ranking 

algorithm which ranks the importance of each feature to the output 

variable. There are different types of feature ranking algorithms, the one 

used in this project is called RReliefF. RReliefF is an algorithm that works 

with a continuous output variable (MathWorks, n.d.). 

 

2.3.2 Performance evaluation 

To evaluate a ML model’s performance, the most common method to use 

is the mean square error (MSE). The MSE will be small if the predictions 

are very close to the true observations and large if they differ substantially 

(James, Witten, Hastie & Tibshirani, 2017). In this project we use the root 

mean square error (RMSE) to evaluate the model’s (see eq. 1). Here, 𝑥̂ is 

the predicted value and x is the real value. Because RMSE is the square 

root of the mean square error (MSE), it is in the same unit as the target 

variable. This means the smaller RMSE, the closer the predictions will be 

to the observations.  
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In general, the most interesting result is the accuracy of the of the 

predictions after the model has been tested on the test data (James et al., 

2017). 

 𝑅𝑀𝑆𝐸 = √∑ (𝑥̂𝑖−𝑥𝑖)2𝑁
𝑖=1

𝑁
 (1) 

 

In general, the most interesting result is the accuracy of the of the 

predictions after the model has been tested on the test data (James et al., 

2017). 

 

2.4 Machine learning models 

Below are the ML-model shortly introduced and explained that were 

chosen to examine in this project. 

 

2.4.1 Linear Regression 

Linear regression (LR) is a statistical method and a well-known algorithm 

used in machine learning. The concept of simple LR is to find a straight 

line that best fit the relationship between the response and the predictor 

variable (see fig. 4). We can also have multiple predictor variables. This is 

called multiple linear regression. In the case of multiple LR, the predictor, 

X, becomes a vector rather than a scalar and the general model will look 

like equation 2. 

 

 𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖,1 + 𝛽2𝑋𝑖,2 + ⋯ + 𝛽𝑝𝑋𝑖,𝑝 + 𝜖𝑖 (1) 

 

for 𝑖 = 1, 2, … , 𝑛 where i stands for each observation and 𝑗 = 1, 2, … , 𝑝  

stands for the number of independent variables. Yi is the observation of 

each dependent variable and 𝜖 is the independent identically distributed 

normal error. (Linear regression, 2022, 1 June). Here, X is our independent 

variable matrix where each column, except for the first (consists only of 

ones) which are the multiplier for the of the offset 𝛽𝑜, represent all data 

for one feature and each row represent one sample of our data. The values 

𝛽𝑖 are the parameters we wish to estimate to create our model. There are 



 

Soft sensor for snow density 

measurements 
 Filippa Brandt 

2022-06-10 

 

12 

different methods to estimate these parameters. The main algorithm that 

MATLAB uses for this is called QR decomposition (MathWorks, n.d.). 

 

 

Fig. 4: Visual example of simple linear regression (Sewaqu, 2010). 

 

2.4.2 Gaussian Process Regression 

Gaussian process regression (GPR) models are non-parametric kernel-

based probabilistic models (Rasmussen & Williams, 2006). That the model 

is non-parametric means that it does not rely on parametric model 

assumptions. An example of a parametric based model is LR. Instead, 

GPR models are flexible and can change and adapt as it is being fed with 

more training data. The concept of GP models is that the model provides 

a probability distribution of different functions that could fit your dataset 

(see fig. 5). A GP is a stochastic process solely defined by its mean function 

(see eq. 3) and its covariance function. The covariance function can also 

be called kernel function (see eq. 4). (Rasmussen & Williams, 2006) 

 

 𝜇(𝒙) = 𝐸[𝑓(𝒙)] (3) 
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 𝑘(𝒙, 𝒙′) = 𝐸[(𝑓(𝒙) − 𝜇(𝒙))(𝑓(𝒙′) − 𝜇(𝒙′))] (4) 

 

Here the bold x is a denotation for the input vector. The covariance 

function can be seen as a function that measures the similarities or 

correlation between two inputs, x, and x’. So which functions most likely 

to be sampled are determined by the kernel. In other words, a GP will 

sample functions with nearby outputs for the inputs deemed similar by 

the kernel. 

 

There are different types of kernel functions. The one selected for this 

project is called Matern 5/2. Matern 5/2 kernel function is defined as (see 

eq. 5) 

 

 𝑘(𝒙, 𝒙′) = 𝜎𝑓
2 (1 +

√5𝑟

𝜎𝑙
+

5𝑟2

3𝜎𝑙
2) ∙ 𝑒

−
√5𝑟

𝜎𝑙   (5) 

where, 

 𝑟 = √(𝒙 − 𝒙′)𝑇(𝒙 − 𝒙′)  (6) 

 

is the Euclidean distance between x and x’. Here, σf is defined as the signal 

standard deviation and σl as the characteristic length scale. The 

characteristic length scale defines how far apart the observations can be 

from the response without being uncorrelated. (MathWorks, n.d.) 
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Fig. 5: Example of probability distribution for possible function (Rasmussen & 

Williams, 2006) 

 

2.4.3 Support Vector Machines 

Support vector machines (SVM) are a type of supervised learning 

algorithms used in ML. In SVM’s, datapoints are viewed as k-dimensional 

vectors where we wish to find a (p-1)-dimensional hyperplane, H, to 

separate the datapoints (see fig. 6) (Wikipedia, 2022). SVM’s works by 

finding the most similar observations between features and then fit a 

hyperplane to separate them. The most optimal hyperplane is the one that 

maximizes the margin between the datapoints and hyperplane. 

(Alpaydin, 2004) The observations that define the hyperplane are called 

support vectors (Support-vector machine, 2022, 25 March). There are 

infinite possibilities to draw the hyperplane and there are different 

methods to define them. Hyperplanes can be linear, as in fig. 5, or non-

linear. SVM’s are like GPR also kernel based. Often the solution is not as 

simple as the one in fig. 6 and there is no hyperplane that separates the 

observations in the current dimension. This can often be solved by 

mapping the problem in a higher dimension by using kernel functions 

(Alpaydin, 2004). This is also called the kernel trick.  
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Fig. 6: Example of 2-dimensional SVM where H3 is the most optimal 

hyperplane (ZackWeinberg, 2012). 

 

2.4.4 Simple Neural Networks 

Neural Networks (NN) are a process that loosely mimics the way a 

human brain operates. They are based on our present understanding of 

biological nervous systems (Lau, 1992). There are many different variants 

of NN’s. The simplest form consists of an input layer, one or more hidden 

layers and an output layer (see fig. 6). Each layer is made from a set of 

neurons. The working principle of the simplest neuron is that the sum of 

N weighted inputs, 𝑤𝑖 , passes through a non-linear function with the 

output y (see eq. 7). The output number of the neuron is called an 

activation and the activations in one layer determine the activations in the 

next layer. 

  

     𝑦 = 𝑓 (∑ 𝑤𝑖𝑥𝑖 − 𝜃

𝑁−1

𝑖=0

)                                                 (7) 
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The neuron is categorized by an offset θ and the type of non-linear 

function or activation function f. Three common types of activation 

functions used for neurons are: hard limiters, threshold logic elements 

and sigmoidal nonlinearities. (Lau, 1992) MATLAB’s Regression Learner 

offers four different activation options: ReLU, Tanh, Sigmoid or none (A 

NN with no activation function is simply a linear regression model). This 

project will use the rectifier or ReLU function, it is defined as follows (see 

eq. 8) 

 

 𝑓(𝑥) = 𝑥+ = max (0, 𝑥) (8) 

 

where x is the input to the neuron (Rectifier (neural networks), 2022, 1 

June).  

 

NN are specified by how many hidden layers they have and how many 

neurons each layer has (net topology), node characteristics, and training 

or learning rules. The rules specify how the initial sets of weights should 

be adapted to improve performance. (Lau, 1991) In this project, 

MATLAB’s Wide NN and Trilayered NN has been used. The Wide NN 

has one hidden layer with 100 neurons while the Trilayered NN has three 

hidden layers with 10 neurons in each layer.  
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Fig. 6: Example of a simple NN with one hidden layer and four neurons 

(Glosser.ca, 2013). 

 

𝑓 
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3 Data 
The two datasets used in this project was collected from the 9th of 

December 2021 to the 28th of March 2022 at two different cities, Sundsvall 

and Matfors. The cities are in northern Sweden 18 km apart from each 

other (see fig. 7). Each dataset consists of five features: snow depth, snow 

weight, air temperature, ground temperature and humidity. There was a 

total of 27 837 observations extracted from each city. 

 

 
Fig. 7: Map that shows how Sundsvall, Matfors and the Sundsvall-Timrå 

airport (yellow marker) are located. 
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During the process of searching for a correlation between the features it 

was discovered that the snow weight and snow depth had a very low 

correlation between each other. To carry through the project, a model for 

artificially generated snow density had to be developed. The model (see 

eq. 9). has input parameters snow depth change, air temperature and 

windspeed. Windspeed is not included in the original dataset, so it had 

to be retrieved from SMHI’s database of meteorological observations 

(SMHI, n.d.). These observations originate from the Sundsvall-Timrå 

airport (see fig. 7) and were used for both datasets, Sundsvall and 

Matfors. Each windspeed observation is the mean value over 10 minutes, 

for every three hours. The data is also quality controlled by SMHI which 

means incorrect data is corrected and data loss is compensated by experts, 

also negative windspeeds are not accepted. The stations that collect the 

data are ongoingly maintained by SMHI. (SMHI, n.d.) The result from the 

snow density model is shown in figure 8 and 9. 

 

 
Fig. 8: Histogram over generated snow density (Sundsvall dataset) 
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Fig. 9: Histogram over generated snow density (Matfors dataset) 
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4 Method 
The following chapter presents the projects course of action. All work has 

been done in the program MATLAB. The project has used supervised 

machine learning regression techniques. The method is divided in six 

different parts. The first part explains how the data was collected. The 

second part explains the data cleaning process. The third part explains 

how the artificial snow density was generated and the fourth how the 

dataset was modified to utility. The fifth part motivates the weather 

parameters importance ranking and reduction. The last part explains the 

training and testing process of the models. 

 

4.1 Data collection 

The snow weight and ground temperature data were collected with a 

snow weight sensor with a built-in temperature sensor measuring the 

ground temperature (see fig. 10). The measuring surface of the scale was 

0.5 × 0.5 m. The snow depth sensor (see fig. 11 and 12) measures the snow 

depth by measuring the phase-shift with a laser. This allows a higher 

precision than with normal time of flight (ToF) sensors. The snow depth 

sensor also measures the air temperature and relative humidity.  
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Fig. 10: Snow weight sensor. 

 

 
Fig. 11: Snow depth sensor mounted on lamppost. 
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Fig. 12: Snow depth sensor from different angle. 

 

4.2 Data cleaning 

The data cleaning process was done in the MATLAB-application Data 

Cleaner. The first thing done to the dataset was removing any rows that 

that had duplicate row times. This was done with the function “Retime 

Timetable” by specifying the timestep, which was five minutes, and 

adjusting the data with linear interpolation. To ensure data quality, any 

outliers were removed from the dataset. The outliers were removed with 

the function “Clean Outlier Data” by using a centered moving median 

window with threshold factor 3. The size of the window was 1.2 days. 

The outliers were filled by using linear interpolation.  
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4.3 Dataset modification 

Before the dataset could be used for training ML-models, the mean snow 

depth change needed to be calculated and the negative changes sorted 

out. This was because the interest lay in foreseeing snow density under 

short time periods. The snow depth measurements were therefore 

transformed from absolute values to rate of change values. The rate of 

change was calculated during one-hour intervals, which equaled 12 data 

samples. The rate of change dataset was made by calculating the 

difference between each adjacent sample and then taking the mean value 

for the 12 samples (see eq. 9). This method was then iterated through the 

dataset by incrementing the 12-sample window by one sample at a time. 

The rest of the features were synchronized with the depth change by 

taking their observations at the time n and pairing them with the depth 

change at the time n-12. All negative depth changes were then sorted out 

together with the data from the other features that corresponded to the 

negative values.  

 

 𝑆𝑛𝑜𝑤 𝑑𝑒𝑝𝑡ℎ 𝑐ℎ𝑎𝑛𝑔𝑒 =  
(𝑥2−𝑥1)+(𝑥3−𝑥2)+⋯+(𝑥12−𝑥11)

11
 (9) 

 

The windspeed-dataset’s sample rate was one hour compared to the 

original dataset which had a sample rate of five minutes. The original 

dataset and the windspeed dataset were merged and synchronized with 

the function ‘synchronize’ in MATLAB. The missing windspeeds were 

compensated with linear interpolation also in Data Cleaner. 

 

4.4 Generated data 

Because the snow weight measurement was deficient, it was decided to 

generate an artificial snow density dataset that would have a minimum 

value of 30 kg/m3 and a maximum value of 200 kg/m3. This was done by 

constructing a mathematical function, consisting of three smaller 

functions (see eq. 10), with snow depth change [kg/m3], temperature [C°] 

and windspeed [m/s] as inputs, respectively. The constant k represents 

the initial snow density, which would then change by percentage 

depending on the windspeed, temperature and snow depth change.  
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 𝜌𝑠𝑛𝑜𝑤 = 𝑘 ∙ 𝑓𝑤𝑖𝑛𝑑(𝑠) ∙ 𝑓𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒(𝑇) ∙ 𝑓𝑑𝑒𝑝𝑡ℎ(𝑑) ∙ 𝑛𝑜𝑖𝑠𝑒 (10) 

 

Here, s stands for windspeed, T stands for air temperature and d for snow 

depth change.  

 

The snow depth function (see eq. 11) was made with the result from 

Alvelid’s study (2020). The increasing density measurements from each 

terrain was plotted against its corresponding depth. The tool basic fitting 

was then used to fit a linear function to the plotted values. To get the effect 

of the change in snow depth, the slope and intercept was divided by the 

intercept. 

 

 𝑓𝑑𝑒𝑝𝑡ℎ(𝑑) = 0.01𝑑 + 1 (11) 

 

The windspeed and temperature impact was both constructed with a 

sigmoid function (see eq. 12), where the y-axis corresponded to 

percentage change and x-axis corresponded to the temperature and the 

wind speed, respectively. The slope, a, and displacement, b, for the 

sigmoid functions were each determined by visualizing the functions and 

test which values would seem to fit real world scenarios. The reliability 

of the artificial density measurements was then studied by plotting them 

in a histogram and looking at its minimum and maximum values.  

 

 𝑓(𝑥) =
1

1+𝑒−(𝑥∙𝑎+𝑏) (12) 

 

Multiplicative white noise was also added to the density (see eq. 10), so 

each observation would have the same SNR. The purpose of adding noise 

to the density was to make the dataset more realistic and so the ML-

models would not effortlessly find a pattern in the data. The noise was 

generated with the function ‘randn’. 
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4.5 Feature reduction 

To evaluate the importance of the different features to the ML-models, 

the backward feature selection approach was used. The model training 

started with all five features which were then removed one at the time 

between each testing. The order they were removed was based on the 

feature ranking algorithm RReliefF in MATLAB. The windspeed feature 

was the only feature that was never removed. The features were removed 

in the following order for each dataset: 

 

Table 1: Feature ranking results for datasets with noise added to snow 

density 

 Removed feature (Sundsvall) Removed feature (Matfors) 

5/5 features - - 

4/5 features Snow depth change [kg/m3] Snow depth change [kg/m3] 

3/5 features Ground temp [°C] Ground temp [°C] 

2/5 features Humidity [%] Humidity [%] 

1/5 features Air temperature [°C] Air temperature [°C] 

 

4.6 Training and testing 

The training and testing were done on the Sundsvall and Matfors dataset 

separately. So, there was a total of two different datasets that were being 

tested on. For each dataset, new density data was generated. The model 

testing was performed by loading each separate dataset into Regression 

Learner and applying MATLAB’s pre-made ML-models. The same 

procedure was done for each removed feature. All MATLAB’s premade 

models were tested then, the following was selected to be evaluated: 

linear regression, GPR Matern 5/2, SVM Medium Gaussian, Wide NN 

and Trilayered NN. This choice was based on input from the project’s 

supervisor, Mattias O’Nils, and on their performance (RMSE).  
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5 Results 
Below, the model results from Sundsvall’s dataset with white noise added 

to the snow density are presented. The parameter values used in eq. 9 

were 𝑘 = 30. The slope and intercept in the sigmoid function (see eq. 11) 

were set to 𝑎𝑤𝑖𝑛𝑑 = 0.5 and 𝑏𝑤𝑖𝑛𝑑 = −3 for the windspeed and 𝑎𝑎𝑖𝑟 = 3  

and 𝑏𝑎𝑖𝑟 = −2 for the air temperature. The marked cell in each table 

indicates the lowest RMSE after test. 5/5 features include all weather 

parameters: windspeed, air temperature, humidity, ground temperature, 

and snow depth change. 4/5 features include the parameters: windspeed, 

air temperature, humidity, and ground temperature. 3/5 features include: 

windspeed, air temperature, and humidity. 2/5 features include: 

windspeed and air temperature. 1/5 features include: windspeed. 

 

 

Table 2: Performance result for Linear Regression (Sundsvall) 

Linear (LR) RMSE 

(validation) 

RMSE 

(test) 

5/5 features 15.597 11.320 

4/5 features 15.784 15.120 

3/5 features 15.816 14.132 

2/5 features 15.822 15.174 

1/5 features 18.081 19.588 
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Table 3: Performance result for GPR Matern 5/2 (Sundsvall) 

GPR 

Matern 5/2 

RMSE 

(validation) 

RMSE 

(test) 

5/5 features 1.896 1.4468 

4/5 features 1.7873 1.3721 

3/5 features 2.8169 1.3324 

2/5 features 1.3932 1.1849 

1/5 features 16.389 21.451 

 

 

Tabell 4: Performance result for SVM Medium Gauissian (Sundsvall) 

SVM 

Medium 

Gaussian 

RMSE 

(validation) 

RMSE 

(test) 

5/5 features 5.8091 3.5913 

4/5 features 6.1496 6.6141 

3/5 features 6.3243 7.2867 

2/5 features 5.6617 4.4142 

1/5 features 18.172 18.82 
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Table 5: Performance result for Wide NN (Sundsvall) 

Wide Neural 

Network 

RMSE 

(validation) 

RMSE 

(test) 

5/5 features 1.4816 1.2702 

4/5 features 1.5818 1.1868 

3/5 features 1.5354 1.337 

2/5 features 1.2693 1.1699 

1/5 features 16.522 18.524 

 

 

Table 6: Performance result for Trilayered NN (Sundsvall) 

Trilayered 

Neural 

Network 

RMSE 

(validation) 

RMSE 

(test) 

5/5 features 1.4127 1.3726 

4/5 features 1.4186 1.2779 

3/5 features 1.5162 1.3187 

2/5 features 1.2985 1.7237 

1/5 features 16.463 18.199 

 

 

Below, the model results from Matfors dataset with white noise added to 

the snow density are presented. 
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Tabell 7: Performance result for Linear Regression (Matfors) 

Linear (LR) RMSE 

(validation) 

RMSE (test) 

5/5 features 18.853 17.650 

4/5 features 18.829 21.484 

3/5 features 19.123 17.921 

2/5 features 20.210 21.430 

1/5 features 22.242 21.155 

 

 

Table 8: Performance result for GPR Matern 5/2 (Matfors) 

GPR 

Matern 5/2 

RMSE 

(validation) 

RMSE (test) 

5/5 features 2.748 2.2687 

4/5 features 2.2179 3.1298 

3/5 features 2.4145 2.2428 

2/5 features 1.7031 1.4888 

1/5 features 19.721 19.071 
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Table 9: Performance result for SVM Medium Gauissian (Matfors) 

SVM 

Medium 

Gaussian 

RMSE 

(validation) 

RMSE (test) 

5/5 features 7.2591 7.2131 

4/5 features 6.7273 6.6944 

3/5 features 7.9723 6.3226 

2/5 features 6.7807 6.4438 

1/5 features 23.335 21.78 

 

 

Table 10: Performance result for Wide NN (Matfors) 

Wide 

Neural 

Network 

RMSE 

(validation) 

RMSE (test) 

5/5 features 1.7626 1.6952 

4/5 features 1.5786 1.8515 

3/5 features 1.6321 1.6592 

2/5 features 1.629 1.7438 

1/5 features 19.799 19.13 
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Table 11: Performance result for Trilayered NN (Matfors) 

Trilayered 

Neural 

Network 

RMSE 

(validation) 

RMSE (test) 

5/5 features 1.6382 2.6179 

4/5 features 1.6558 1.7775 

3/5 features 1.9752 1.9033 

2/5 features 1.6868 1.5295 

1/5 features 20.582 19.258 
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6 Discussion 
Table 13 includes all models whose feature resulted in the smallest RMSE 

(test). They are marked with a S for the dataset from Sundsvall and a M 

for the dataset from Matfors. 

 

Table 12: What number of features resulted in the smallest RMSE (test) 

with noise added to the density. 

With noise 5/5 

features 

4/5 

features 

3/5 

features 

2/5 

features 

1/5 

features 

Linear (LR) S, M     

Matern 5/2    S, M  

SVM Medium 

Gaussian 

S  M   

Wide NN   M S  

Trilayered NN  S  M  

 

From table 12 we see that most of the models preformed best (had the 

smallest RMSE) with 3/5 and 2/5 features. This is plausible because ML-

models can increase their performance with a smaller number of features 

(Alpaydin, 2004). It is also fair that performance would increase with the 

snow depth change feature removed. Because according to the snow 

density function, the density only changes with 1% per hour with respect 

to the snow depth change (see eq. 10) which means they have a low 

correlation. The snow depth change was also ranked the least important 

feature according to the RReliefF algorithm (see appendix A). The ground 

temperature will also have a low correlation to the density because it was 

not included in the density function. It was also ranked the second least 

important feature (see appendix A). The relative humidity was not 

included in the density function but because humidity and air 

temperature are strongly related (SMHI, 2022) it is not surprising that it 

seems to have a correlation. The models performed best with 2/5 features 

which included windspeed and air temperature.  
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When the air temperature was removed (1/5 features) all models 

performed worst and had a RMSE around 20 kg/m3. This is reasonable 

because air temperature has great significance on snow density (SMHI, 

2021). 

 

The model that preformed best, with the least amount of RMSE after 

testing, for the Sundsvall dataset was the Wide NN with 𝑅𝑀𝑆𝐸 = 1.1699 

kg/m3 (see table 5). The best performing dataset for the Matfors datasets 

was the GPR Matern 5/2 with 𝑅𝑀𝑆𝐸 = 1.4888 kg/m3 (see table 8). These 

models RMSE (test) also decreased compared to the RMSE (validation). 

This is positive because it means that the models are not overfitted to the 

training data. For example, the Wide NN (Matfors) (see table 10), the 

RMSE (test) was higher than the RMSE (validation). This means the 

model is too specific for the training data and would not make good 

predictions when given new data. The NN and the GPR model 

performances are not very different from each other. To decide which one 

is most suitable, more testing would be needed. For example, for future 

research you could try different activation functions for the NN and 

varying the amounts of hidden layers and neurons in each layer. 

 

From the linear ML-model results (see fig 2 & 7), we can draw the 

conclusion that the features do not have a linear relationship since it had 

the highest RMSE for both datasets, with and without noise added to the 

density. Linear ML-models will therefore not work for this specific case. 

 

The SVM were the second least worst performing model. The reason for 

this could be because it was too difficult to fit a hyperplane to the dataset 

because it was continuous (regression) and that the used kernel function 

was not suitable for the specific dataset.  
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Now, could the soft sensor replace methods of measuring snow density 

with real sensors? You also may ask, why not just use the snow scale as 

the sensor for collecting data? Because as we saw, the snow weight 

measurements were deficient. It is more difficult and more expensive to 

maintain a real sensor than it is with a soft sensor because the real sensor 

is more prone to malfunction. Another factor that needs to be consider 

when determining this is how much RMSE can we allow the soft sensor 

to have. In a mail correspondence with a meteorologist on SMHI 

(Swedish Meteorological and Hydrological Institute) it was said that the 

accuracy for measuring snow density is not that big today and that a ML 

model should do the work better.  

 

6.1 Sources of error 

The artificial densities that were simulated for each city used the same 

windspeed data. Matfors and Sundsvall-Timrå airport are about 30 km 

apart while Sundsvall is only about 17 km apart which could create some 

biases. There is also always a possibility for error in the data collections. 

Since there actually was error in the snow weight measurements, there 

could potentially be an error in the other parameters. However, there was 

an attempt to avoid this by examining and cleaning the data in advance 

of training the models.  
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6.2 Social and ethical aspects 

The ethical issues surrounding ML or AI does not usually involve the 

algorithms themselves but rather how the data is being used that train 

them. An issue that can arise are possible training data biases. The 

European Parliament (2020) says that there are risks to AI and that it can 

lead to decisions that affects ethnicity, gender, and age in for example 

recruitments, dismissals, loan applications and criminal cases where AI 

is used. Problems like these could possibly be resolved by making sure 

that the ML or AI developing teams are inclusive and represents of all 

different types of people in the world. If you should translate the risk of 

training biases to our soft sensor for density measurements, the worst-

case scenario could be if it foresees the wrong snow density on the road 

which could lead to traffic accidents. The European Parliament (2020) also 

says that AI can create a threat to our democracy by polarizing or 

manipulating a person’s opinions by creating filter bubbles based on a 

person’s internet activity or by creating so called “deepfakes” which 

refers to very realistic false videos, sound clips or pictures. Another 

problem that can arise with ML-models is if they are released as “black 

boxes” and it is impossible to know how they really operates and why 

they made a certain decision. We humans must be able to understand the 

decision making of a ML-model, this is particularly important in the 

medical field. For example, if a model is made to detect a harmful disease 

and it does that for a patient, it is critical for the medical workers to know 

why the model made that decision. These types of problems can be solved 

by releasing ML-models as open source. 
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7 Conclusions 
The ML-models need at least 2 features for moderate performance. The 

most essential features seem to be windspeed and air temperature. The 

models with the smallest RMSE were the GPR Matern 5/2 and the Wide 

NN, though the Trilayered NN was also very close to the same 

performance. You can argue that soft sensor is a better alternative to 

measuring the snow weight/density manually since the manually 

collected snow weight data was deficient and because the results show 

that there is at least two different ML-model capable of foreseeing snow 

density.  

 

7.1 Future work 

For future work, it would be ideal to test the models on a dataset with 

real snow weight or snow density measurements and ensure that all 

features are extracted from the same location so you can exclude potential 

errors. The results from this project should only be seen as results from a 

prototype. But because the results seem promising, it should be enough 

motivation to continue this field of research. It could also be ideal to have 

more than two locations for extracting data and instead have many small 

sensors over an area. This is because you would then have a more 

generalized idea of the weather conditions in that area. 

 

The models tested in this project were only tested on a dataset where the 

density change was calculated during one-hour intervals. This could 

easily be changed by expanding the window size in the code used for 

calculating the snow density change. For example, you could change it to 

calculate the depth change for one day, one month or one year. Because 

the result shows it is possible to train a model for one hour, it could be 

worth testing for different time intervals. In that case, the model could be 

useful in other applications, like warning of high snow load on roofs or 

determine how much snow in form of water weight that could melt after 

a winter season which is useful information in calculating spring floods 

and inflow water to hydropower plants.  
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For future work it would also not hurt to have access to more training 

data. After calculating the depth change and sorting out all negative 

changes, the size of the dataset were only 4016 observations for Sundsvall 

and 6360 observations for Matfors where 5% were set aside for testing for 

each dataset. Also, it would be necessary to attain a higher data quality.  
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GPR Matern 5/2 (2/5 features) 
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Wide NN (2/5 features) 

 
 

Trilayered NN (4/5 features) 
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GPR Matern 5/2 (2/5 features) 

 
 

SVM Medium Gaussian (3/5 features) 
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Wide NN (3/5 features) 

 
 

Trilayered NN (2/5 features) 
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