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Abstract 
 
This thesis presents a case study on the application of artificial intelligence 
(AI) in hydrology using two approaches. This topic was chosen since AI is an 
important tool, and water is a vital resource. The first case is on leakage 
detection with artificial data, while the second is on precipitation prediction 
with real data. For leakage detection, a random forest (RF) model and an 
artificial neural network (ANN) model were developed in series. The RF 
detects if there has been a leak or not; the detected leaks are forwarded to the 
ANN. The ANN determines where in the water distribution network the leak 
is located. This design achieved an accuracy of 88.6% and a precision of 
94.1%. For precipitation, six models were developed; one spatial model and 
five area-specific prediction models. The models developed for precipitation 
outperformed the current satellite products with R2 values above 0.5 for five 
out of six models. The results from both parts of the case study show 
promise, and hydrology is definitely a field into which AI should be further 
integrated. 
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1. Introduction 
 
Water is essential for all life on Earth, supporting both human populations 
and ecosystems. For these reasons, it is vital that the resource is properly 
managed. However, this is not the case, and leakages in distribution networks 
are a pressing concern for all countries. The total loss of non-revenue water 
volume worldwide is estimated to be 126 billion cubic meters per year 
(Liemberger & Wyatt, 2018). This corresponds to 30% of the total input 
value of the world’s piped water for municipal supply. In their paper, they 
presented this loss in terms of economics, which translates to a loss of 39 
billion USD per year. The water leakage problem is prevalent in all countries, 
including Sweden. Ninety percent of the Swedish population is connected to 
the municipal drinking water network (Vatten, 2023), and large losses in the 
network will have an effect on most citizens. The losses in the municipal 
drinking water network in Sweden are estimated to be 19% (Vatten, 2023), an 
increase from previous years when the losses were estimated to be 16-17%. 
This increase may appear to be very small, but in terms of a whole country, 
this translates into large losses in terms of volume of water. The water input 
into the Swedish water network in 2023 was 844 million cubic meters 
(Vatten, 2023). This means that a 1% increase in loss corresponds to 8.44 
million cubic meters of drinking water. The fact that the losses trended 
upward in 2023 is very alarming, especially when the need for water is often 
increasing in correlation with the increasing population. 
 
Today, most leakages are actively fixed in Europe, meaning that no action is 
taken before the leak or the customer’s complaint (Sörensen et al., 2024). 
This results in unnecessarily large amounts of wasted water, as this could 
have been prevented earlier. With a proactive approach, faults can be 
identified earlier and even be combated before they turn into leaks. This 
approach would lead to a decrease in water loss. However, it is unclear how 
this proactive approach should work, as it would require further investment in 
detecting faults and repairs. It is also unclear what the best solution is to 
detect faults in the network. 
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Precipitation is fundamental for municipal and industrial water supply, plays 
a vital role in agriculture in all areas of the world, and is essential for 
agricultural output. Furthermore, it is also a risk indication for areas that are 
prone to flooding, as precipitation often 1 is the cause of flash floods. Even 
with these important factors, precipitation is poorly monitored. This thesis is 
focused on the southern region of Sweden, namely Skåne. In Skåne there are 
currently 43 stations that record precipitation data. These stations are mainly 
located in larger cities, causing a skewed distribution of coverage. This 
means that areas dedicated to agricultural practices are neglected. There is, 
however, open-source satellite data available on Google Earth Engine (GEE), 
which provides precipitation data in a grid-like fashion. This data, however, 
tends to have significant error in comparison to local station data. It’s also 
reasonable that this is the case since the satellites cover much larger areas and 
need to average out the values for these areas. With the current situation in 
mind, it explains the need for more accurate data for areas not covered by 
local stations.  
 
The use of AI and machine learning (ML) has become more widely used in 
today’s society, seeing usages in almost every field. However, artificial 
intelligence and machine learning are not new fields. The theoretical 
foundations of AI date back to the mid-20th century, when Alan Turing and 
John McCarthy presented the fundamental concepts underlying machine 
intelligence (Russell & Norvig, 2020). The reason why it has become more 
widely used today is due to the accessibility of computing power, which was 
not available back then, at least not to the extent that is required to 
functionally develop and use the AI models. With exponential growth and 
development of the processing power of computers, the use of AI and 
machine learning is no longer beyond reach. The possibilities of AI are 
almost endless, and its functionality can be applied in most fields. AI is short 
for artificial intelligence and covers a wide set of sub-theories; machine 
learning is one of them. A further presentation of what AI and ML are will be 
included in the theory section.  
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This thesis is a case study on the possibility of integrating AI within 
hydrology. The two cases included in the study are leak detection in a Water 
Distribution Network (WDN) and improving data quality from satellite 
precipitation data. Both cases will center around the usage of an Artificial 
Neural Network (ANN). For leak detection, the data is provided by leakDB, 
which is an open-source dataset containing artificially generated data. The 
precipitation data is provided from GEE (Gorelick et al., 2017) and the 
Swedish Meteorological and Hydrological Institute (SMHI) (SMHI, 2025), 
which are real measurement data. The goal of the leak detection model is to 
be able to detect leaks and pinpoint 2 where in the network the leak has 
appeared. For the precipitation, the goal is to improve and remove bias from 
satellite data, in combination with providing quality data in areas not covered 
by stations. This is to lay the foundations for a forecast model. Furthermore, 
it will also investigate the possibility of replacing active stations or providing 
an area-specific model, which can be a replacement for investing in a new 
weather station. 
 
The thesis is written in collaboration with Kentima AB, an automation and 
security company interested in investigating whether it is possible to integrate 
machine learning into their existing software. This could also be used as a 
proof of concept to demonstrate that machine learning can be applied to 
human-machine interface (HMI) and supervisory control and data acquisition 
(SCADA) systems. The use of machine learning in this type of system has 
two advantages. Firstly, the HMI/SCADA application already stores a 
significant amount of data that can be used to train the model. Secondly, this 
is already the application used by operators, and it would be very easy to use 
if the model’s predictions were accessible directly through it. The models 
developed in this case are not intended for Kentima to use but rather to be 
able to use to demonstrate the technology for their clients. 
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2. Theory 
 
In the following section, the theories that are used in the thesis are presented. 
These theories are the foundation from which these models are developed. It 
is necessary to understand the basics of these theories in order to understand 
the development choices and the thought process behind them. 
 

2.1 Artificial Intelligence, Machine Learning and Deep 
Learning 
 
Artificial intelligence is a broad and evolving field integrated into many areas 
and applied in a variety of ways. This makes it very difficult to give an exact 
definition of AI (Hunt, 1975). The foundation of AI is pattern recognition, 
problem solving, or machine comprehension. AI is vast and therefore has 
been divided into subfields, one of which is machine learning, see Figure 1. 
ML means using a set of data points to be able to make predictions and find 
patterns.  
 
In ML, there are different models that can be used; some of them utilise deep 
learning (DL) (Goodfellow et al., 2016). In DL, networks are structured to 
resemble aspects of the human brain with nodes and connections between 
them. How the connections are used is hidden in a "black box". 
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Figure 1: Artificial Intelligence (Goodfellow et al., 2016) 

 

2.2 Machine Learning 
 
An important part of ML is data exploration (Tukey, 1977). Before starting to 
train the model, it is crucial to understand, analyse, and prepare the data. Data 
exploration contains multiple steps to go from raw data to processed data that 
the model can use. The first and most fundamental step of data exploration is 
to identify what data is available, what it means, and the types of data. The 
next part is filling in missing data and removing outliers and anomalies. This 
is done to increase the accuracy of the model. Using visuals such as 
histograms, correlation matrices, and scatter plots can assist with locating 
some patterns early on. Once this is done, the data is divided into three parts; 
training, validation, and test data. Training data is usually around 70% of the 
data, and this is the data a model uses to train. Validation is also used during 
training, and this is what the model evaluates its progress against. When the 
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model is finalised, it is faced with test data that it has not seen at all during 
training. Training and validation data both usually represent 15% each, see 
Figure 2. Splitting the data into these three parts is standard practice and is 
done to prevent overfitting, which will be explained later in this section. 
 

 
Figure 2: Splitting the dataset 

 
Before feeding the data to the model, it is also advantageous to either 
standardise or normalise the data (Bishop, 2006). Standardisation rescales the 
data to have a mean of 0 and a standard deviation of 1. This is done using 
Equation (1) below, where x̂ is the mean and σ is the standard deviation 
 
 

 
Normalisation rescales the data set so that each value is between 0 and 1. 
Equation (2) follows below, where xmax is the maximum value in the data set, 
and xmin is the minimum value in the data set. 
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Standardisation is commonly used when the data follow a Gaussian (normal) 
distribution and the model where the data are to be used assumes normally 
distributed features. Normalisation, on the other hand, is used when all 
features are in the same bounded range. This works well for ANN, as many 
of the activation functions work best in the range of [0,1] and [-1,1]. 
Activation functions will be discussed in the ANN section. Scalers can be 
used in combination with each other to further stabilise the data (Burbidge et 
al., 1988). The inverse hyperbolic sine (Arcsinh) is another scaler and is often 
used with data that is heavy-tailed. Besides this, arcsinh handles zeros cleanly 
and doesn’t have to make exceptions or shift as a log scaler would. The 
formula for arcsinh is seen in Equation (3). 
 

 
 
A more mathematical approach to deciding which to use is to apply a 
statistical test. The test applied is D’Agostino’s K2, which is appropriate for 
sample sizes greater than 300 (D’Agostino & Pearson, 1973). This test 
checks how the data follow a Gaussian (normal) distribution, which is the 
null hypothesis. The test is based on transformations of the data’s kurtosis 
and skewness. Kurtosis measures how heavy or light the tails of a distribution 
are, which means that a high kurtosis represents a lot of extreme values, 
while a low kurtosis value means fewer extremes and a flatter distribution. 
Skewness measures whether a distribution is lopsided or asymmetric; a 
positive skewness means a tail to the right, while a negative skewness means 
a tail to the left. Kurtosis and skewness are calculated according to Equations 
(4) and (5), respectively. In some literature, kurtosis and skewness are 
denoted as β2 and √β1, respectively; however, in this thesis, they are denoted 
as g1 and g2. 
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With the calculated kurtosis and skewness, they can be transformed, which is 
denoted by Z. This thesis will not dive into the theory behind these 
transformations, as they fall outside the scope of this thesis. The final 
equation on which the hypothesis will be applied can be found in Equation 
(6). The null hypothesis holds if K2 is approximately a X2 distribution with 2 
degrees of freedom. If the p-value is less than 0.05, then the data should be 
normalized, and otherwise, it should be standardised. 
 

 
An important thing to consider when applying either normalisation or 
standardisation is the handling of outliers or anomalies, since both of these 
methods can be heavily influenced by outliers/anomalies. For standardisation, 
it will shift the mean towards the outlier, which will increase σ. This can 
cause "normal" values to be closer to zero, which is not the case. For 
normalisation, this has an even greater effect due to it using xmax and xmin, 
which will typically be an outlier’s value if it exists. If xmax is significantly 
larger than other values, it will cause the other values to collapse near zero. 
Reversely, for small values, it will cause it to collapse near 1. In order to 
combat these errors, an analysis of the data must be done to detect potential 
outliers/anomalies. This can be done through plots such as scatter plots, 
histograms, or time-continuous plots, depending on the data. When an 
anomaly is detected, it must be validated. Is it a true value or is it noise in the 
measurement? This applies mainly to real data, as artificially generated data 
generally does not have noise. If the values are confirmed to be anomalies 
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and are important for the model, a robust scaling is applied. Otherwise, they 
are to be scaled or potentially removed from the data. 

2.2.2 Supervised Learning 
 
Depending on the task, there are two ways to train a machine learning model. 
It has been divided into supervised and unsupervised learning (Mitchell, 
1997). In supervised learning, the model has access to a training data set. The 
dataset contains both input data, also known as features, and a known target. 
Having this target means that the data is labelled. As an example, train a 
model to recognise whether a picture is of either flower type 0 or flower type 
1. For each picture, the model knows if it was right or not. Once training is 
done, a new picture can be observed, and the model makes its prediction, 
type 0 or 1. Unsupervised learning instead, does not have access to a target. 
In this case, the model tries to cluster the pictures. The model does not tell 
type but creates groups on different features like colour, size, or shape of the 
leaves. 
 
Supervised learning can then be split into two different categories, depending 
on the type of target used. The example used earlier in deciding which type of 
flower is a classification problem. The target is an option, and the model is 
either right or wrong, but supervised learning could also be a regression 
problem. In a regression problem, the target could be a value, and the model 
could be more or less right. As an example, inputs can be features of a throw 
and predict its length. In this example, the model is trained on how close the 
predictions are to the actual length of the throw. 
 

2.2.3 Random Forest 
 
Random forest (RF) is a machine learning model constructed from another 
model called a decision tree (Breiman, 2001). Instead of using just one 
decision tree, the RF model uses multiple for its prediction, see Figure 3. 
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Each of the decision trees gets a random subset of the full data to train on. 
For classification, the RF model answers what the majority of the decision 
trees’ predictions are, and for regression, it is instead the average of their 
predictions. This makes the RF model better at dealing with larger datasets 
since it is less prone to overfitting. 
 

 
Figure 3: Random Forest (Sapakova, 2025) 

 
A decision tree is constructed with a root node, decision nodes, and leaf 
nodes; see Figure 4. The root node contains the entire data set. Decision 
nodes see part of the dataset and split the data into new nodes. Leaf nodes are 
the furthest down in the decision tree, and they represent a prediction for the 
data that made its way there. 
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Figure 4: Decision Tree (Sapakova, 2025) 

 
 
The way the decision tree is trained is node-by-node, calculating the Gini 
impurity. The Gini impurity for a decision node is a metric that determines 
how impure the nodes are after each decision. It is calculated as seen in 
Equation (7), and if a decision node scores 0, it has successfully divided all 
the inputs to the right prediction (Breiman et al., 1984). The decision tree 
tries different features and thresholds, and the combination that generates the 
highest purity is the one that the decision node will keep. In the equation, pi is 
the proportion of data that belongs to class i. The n is the number of classes. 
Once the model is trained, new inputs follow the decision rules until it 
reaches a leaf node, where the decision tree outputs a prediction. 
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2.3 Artificial Neural Network 
 
An ANN is a model inspired by the human brain (Goodfellow et al., 2016), 
where network nodes function similarly to biological neurons and are 
therefore often called neurons. This, in combination with layers, results in the 
ANN having the appearance of a web-like construction, as seen in Figure 5. 
An ANN consists of several layers, with a minimum of three. The first layer 
is called the input layer, which corresponds to the number of features that are 
available in the data set, plus one extra, which is the bias. The last layer is 
called the output layer. This layer can have several neurons as output, 
depending on the usage of the ANN. The layers in between are referred to as 
hidden layers. The number of hidden layers and sizes can be freely chosen by 
the designer. 
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Figure 5: Artificial Neural Network (Shah et al., 2022) 

 
In order to understand how an ANN functions, it is vital to have an 
understanding of its mathematical aspects. By examining only one of the 
neurons, the math becomes more manageable and easier to grasp. In order to 
make this even simpler, a forward propagation will be explored. Figure 6 
below explains how the inputs interact with one neuron and how the weights 
are applied, as well as the bias. 
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Figure 6: Single Neuron (Oshchepkov, 2024) 

 
The input combined with the bias can be represented with Equation (8), 
where a is the function of the neuron prior to the activation function. The x’s 
represent the input signals. The input signal can be the features if the neuron 
is in the first hidden layer, or it can be an output from a previous layer. The 
ω’s are the synaptic weights; these are updated through each epoch in order 
to achieve a more accurate result. Finally, the b is referred to as the bias; this 
is in some literature referred to as ω0. The bias is used with an input signal 
that has the value of 1 and only 1. This ensures that the bias is always 
determined by the value of ω0. In this thesis, the bias will be presented by ω0. 
The effect of this could be seen in Equation (9), which is the same as 
Equation (8). 
 
 

27 
 



 

 
 

Before a is sent as an output from the neuron, an activation function is 
applied. The activation function is set by the developer and must follow a few 
rules. A further presentation of what activation functions are and their effect 
was presented later in the thesis. For now, the activation function will be 
represented as γ. This gives the final output from a neuron, see Equation (10) 
 

 

2.3.1 Activation functions 
 
Activation functions play a vital role in updates as well as in the outputs of an 
ANN(Goodfellow et al., 2016). As previously mentioned, activation 
functions are represented as γ functions and must abide by certain rules. 
Firstly, they need to be differentiable, which means they are continuous at 
every point in their domain. They also need to have an easily calculated 
derivative. This is not a strict rule in itself, but it greatly decreases the 
calculation time, since the activation function’s derivative will be calculated 
multiple times throughout the training process. A few examples of activation 
functions can be found below, namely ReLU, tanh, sigmoid, and linear. Their 
equations and derivatives are presented in Table 1. One might notice that 
ReLU actually isn’t a continuous function, but it still works as an activation 
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function. This is because the function only has an undefined derivative at 
exactly zero, but this is fixed by assigning a gradient when the neuron outputs 
exactly zero (which is very rare). 

 

 
Figure 7: Activation functions 

 

 

2.3.2 Loss computation 
 
Once an output is calculated from the neuron, the "learning" part is applied. 
This is done through a loss computation using a cost function, which will 
backpropagate through the network and update the weights (Goodfellow et 
al., 2016). The cost function can be in various forms and be more useful for 
certain tasks. For example, mean square error (MSE) and mean absolute error 
(MAE) are commonly used for regression tasks, and cross-entropy (CE) and 
hinge are used for classification tasks. In the case of detecting leaks, it falls 
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under the category of classification, while precipitation falls under 
regression; cost functions should be chosen accordingly. The function for CE 
can be found below in Equation (11). In the function, N represents the 
number of samples. The summation starts from 1 rather than 0; this is due to 
the bias. Since the bias isn’t a real sample, it does not have a comparable 
target value. Hence, it was removed from the cost function. The target value 
is represented by dn, so it is through the cost function that one compares the 
calculated value to the true value. 
 

 
 

 
In order to decrease the error through the learning process, the weights 
needed to be updated. This is done through backpropagation using gradient 
descent. The logic here is to move the error to its lowest value. With gradient 
descent, one calculates in which direction the error decreases the most in 
order to reach the minimum point. Using gradient descent, the weights are 
updated with Equation 12. In this equation, η is introduced, which represents 
the learning rate. This is an input set by the developer. The learning rate is 
used to restrict the step size that the model takes in order to minimise the 
error. This value needs to be fine-tuned through the development process, 
since a too large value can cause the model to miss the minimum point as the 
step size is too large. On the other hand, a too small value can have the same 
effect since it’s not able to reach the minimum as the epochs run out. A visual 
representation of this can be found in Figure 8. 
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Figure 8: Learning rate (Jordan, 2018) 

 
In this thesis, the primary cost functions used are MSE, weighted MSE, and 
CE. The MSE and weighted MSE are used for precipitation data, while the 
CE is used for leak detection. This fits since precipitation is a regression task, 
while leak is a classification task. The main difference between MSE and 
weighted MSE is the weights. In a regular MSE, the cost is computed as the 
average of the squared differences between prediction and true value, and for 
the weighted, this is scaled with a factor. The way this factor is scaled could 
be seen in Equation (14). The scaling factor aims to give higher weights to 
larger values or smaller ones, depending on the need. 
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2.3.3 ANN summary 
 
With the mathematical background explained, the training process of the 
ANN can be presented in three steps. 

1.​  All ωk are initialised with small random numbers, including the bias 
ω0 

2.​  The learning rate η is defined in the range of 0 < η < 1 
3.​  Repeat until convergence or the number of epochs 

a. Every node’s output is calculated, leading to the output layer’s 
output yn = y(xn) 
b. The derivative ∂E / ∂ωk is calculated. 
c. The weights ωk are updated as seen in Equation (12) 

 
This will result in a trained model. In order to evaluate the quality of the 
model, several aspects will be analysed. These aspects are presented in the 
optimisation section as well as improvements to be made to a model. 
 

2.3.4 Residual Artificial Neural Network 
 
For precipitation, a residual artificial neural network (ResNet) is used. The 
ResNet is an extension of the standard ANN by adding a residual component 
(He et al., 2016). For this model, a linear residual component is used and 
applied as a linear shortcut. This extends the model to having a linear 
component in addition to the deep nonlinear mapping. A residual component 
allows for more stable and faster training, as well as improving the 
generalisation of the model. The application of the ResNet is explained in the 
formula below, where ωx is the linear component. The x denotes the input, 
while ω is a weight that is updated through the same process as ωT . 
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2.4 Optimization 
 

2.4.1 Overfitting & Underfitting 
 
It is important to make sure that the model is trained to make predictions on 
new data. This is why the data are divided into three parts. The goal of the 
model is not to be 100% accurate in the training. A good model is determined 
by how well it performs on the validation/test data. 
 

 
Figure 9: Underfitting, optimum and overfitting, generated for visualisation 

by authors 
 

 
The graph in the middle of Figure 9 illustrates how a well-trained model 
makes its predictions. Not all predictions are correct, but the ones that are off 
are most likely noise or outliers and not representative. A more complex 
model, seen in the left graph, finds all the outliers in the training data. This 
has resulted in a model where the outliers have too much of an impact. Then, 
in the right graph, there is a model that is too simple. In this case, the model 
has not been able to find any of the patterns in the data. Overfitting and 
underfitting are important to avoid, and that is why a model is not evaluated 
on its training data (Goodfellow et al., 2016). It’s important to note that 
overfitting tends not to be applicable when the data is artificially generated, 
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due to the data not containing any errors or noise, which means that the case 
of overfitting doesn’t apply. The reasoning for underfitting still stands for 
artificial data. 
 

2.4.2 Feature optimisation 
 
To achieve a well-trained model, it is important to have good features. Not all 
data that can be collected is worth using, and sometimes the data at hand is 
not enough. If a lot of features are available, it is not necessary to use all of 
them. This is when feature elimination is applied (Guyon & Elisseeff, 2003). 
Feature elimination can be done in a few ways. A common one is feature 
importance. Feature importance looks at the mean decrease of impurity in the 
case of RF. This way, features with low impact can be removed to improve 
the functionality of the model. 
 
If a model does not reach a satisfactory result, it is possible to create new 
features from the accessible data. This is called feature engineering and 
works in a couple of different ways. If the data is in a time series, then rolling 
features are common. It means looking at a group of previous data to make 
the prediction. Rolling features could be the mean, max, or min of the last n 
inputs. Feature engineering can also be giving the model the already existing 
data in new forms. It can be squaring, multiplying, or subtracting different 
features. There is not one right way to create and apply this, but rather a trial 
and error of combinations of the available features. A common starting point 
is to use logically combined features, meaning that the user already knows 
that the relations of these features are important, which helps the model to see 
that. 
 

2.4.3 Regularisation 
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Regularisation can be applied to limit the model’s performance on the 
training data in order to reduce overfitting. This is done through constraints 
on the weights, commonly called L1 (Tibshirani, 1996) and L2 (Hoerl & 
Kennard, 1970). They are applied in the cost function with a regularisation 
strength. Which determines the extent to which the regularisation is applied. 
L1 encourages the weights to be zero, resulting in a sparse network, while L2 
penalises large weights more. The regularisation is applied through Equation 
(16), where α denotes the regularisation strength, and Ω is the regularisation 
function. The L1 and L2 are presented in Equations (17) and (18). 
​ ​ ​ ​  

 
Another way to reduce overfitting is to apply dropout. The dropout function 
works by applying a probability of p to each neuron. In every step of the 
training, this probability is rolled to determine whether that neuron should be 
dormant in that step. This allows the ANN to have a balanced reliance on the 
neurons, which limits the network from being dominated by certain neurons. 

 

2.5 Evaluation Metrics 
 
In order to evaluate the models’ performances, several metrics will be used. 
This is done to evaluate on a broader basis, which allows capturing more of 
its aspects. The metrics used for precipitation models are root mean square 
error (RMSE), mean absolute error (MAE), mean bias error (MBE), R2 and 
index of agreement (IOA). The leakage problem is a classification problem. 
Therefore, it will be evaluated on a different set of metrics. When looking at 
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binary classification, there are four different outcomes. True positive (TP) 
predicted a 1 correctly, true negative (TN) predicted a 0 correctly, and false 
positive (FP) and false negative (FN) refer to predicting a 1 or 0 wrongly, 
respectively. The metrics looked at with classifications are built upon these 
outcomes. When the classification problem isn’t binary, a common evaluation 
strategy is to look at the average by looking at the different classes as binary. 
The metrics commonly used to evaluate classification tasks are accuracy, 
recall, precision and F1 score. These metrics were presented further below in 
this section and are significant for the model development. 
 

2.5.1 RMSE 
 
The RMSE is a common metric used in regression tasks since it shows the 
average magnitude of prediction error. This error is presented in the same unit 
as the target value, which in this case is precipitation in mm. Since it has the 
same unit as the target, it will provide a clear numerical evaluation of the 
model. The formula for RMSE is presented in Equation (19); in this formula, 
n denotes the number of samples. The ŷ is the predicted value, and y is the 
true value. 
 

 
 

2.5.2 MAE 
 
The MAE is a measurement of errors between the paired predicted value and 
true value, see Equation (20). Similar to RMSE, this also provides a 
numerical value to evaluate the model on. However, the MAE treats all errors 
the same and doesn’t put extra weight on larger errors. This provides an error 
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that isn’t skewed by large errors due to missed peaks or anomalies. The 
notations in MAE are the same as in RMSE. 
 

 
 

2.5.3 MBE 
 
The MBE measures the average bias in predictions. This provides indications 
if the model under- or overestimates the true value. MBE provides good 
insight into how the model is operating and how to evaluate the results, since 
it provides a direction of error. A negative MBE shows that the model is 
underestimating, while the opposite is true for a positive value. Optimally, 
this value is close to zero, but this metric should not be used alone since it 
doesn’t provide a full picture of evaluation, since a model can have an MBE 
value of zero but still be completely off in its predictions. MBE is fairly 
simple to calculate using Equation (21). 
 

 

2.5.4 R2 

 

R - squared or, in some literature, "coefficient of determination", is a metric 
that provides a numerical value of how well the variance in the target is 
visible in the model (Weisberg, 2005). This metric is also commonly used in 
regression models, since it provides how much better the model performs 
than just predicting the mean. The R2 value is normally in the range of 0-1, 
where 1 means that it explains 100% of the variance, which is rare. A 
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negative value indicates that it is worse than just using the mean, see 
Equation (22). 
 

 
 

 

2.5.5 IOA 
 
The Index of Agreement is a statistical metric used to measure how well the 
model prediction matches the observed data. The metric is a common metric 
used in environmental, hydrological, and climate modelling. It provides a 
numerical value normally between 0 and 1, normally. It’s possible for it to be 
less than zero, but this only happens when the model prediction is worse than 
just using the mean. IOA’s measurement is how well predictions match both 
the magnitude and pattern of the observed data, which is a more compact 
measurement than the other metrics. The IOA considers how close the 
predictions are to observation, how well the variability is captured, and how 
well the large errors are relative to the natural variability in the data. For 
reference, an IOA value of 0.5-0.7 is moderate agreement, while 0.70-0.90 is 
good agreement. The formula is presented in Equation (23), and the notations 
follow the same as earlier presented metrics. 
 

 
 

2.5.6 Accuracy 
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Accuracy is the simplest one. It is just a percentage of how many predictions 
were correct. Accuracy is a good, reliable measurement for balanced data. 
For imbalanced datasets, accuracy could easily be unrepresentative. For a 
dataset with 95% negative and 5% positives, the accuracy could get very high 
by exclusively predicting negative for every input. The calculation for 
accuracy for binary classification could be seen in Equation (24). In a 
multiclass classification problem, it is calculated the same way, with the 
number of correct predictions divided by the total number of predictions. 
 

 
 

2.5.7 Recall 
 
Recall is a metric used to determine how well a model can predict true 
positives. Recall can also be called sensitivity and is used when it’s very 
important not to miss any true positives. The recall does not consider the 
number of false positives the model has, see Equation (25). In multiclass 
classification, the equation is calculated for each class and then the average of 
that. 
 

 
 

2.5.8 Precision 
 
Precision is the counterpart to recall. Instead of the sole focus on not missing 
any positives, precision is the metric of how many of the predicted positives 
are actually true positives. It’s calculated as seen in Equation (26), and like 
recall, also class-wise when it is not binary classification. When training the 
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model, the balance between recall and precision is important and varies 
depending on the problem at hand. Focusing on recall can result in a lot of 
false positives, and focusing on precision could mean predicting a lot of false 
negatives. The precision metric is used when it is important not to predict 
false positives. 

 
 

2.5.9 F1 Score 
 
The way to look at the balance is by calculating the F1 score of the model, 
see Equation (27). Since the recall and precision both can be misleading, the 
F1 score is often a more dependable metric. The score will be between zero 
and one, and a well-balanced model will score closer to one. The F1 score 
should be used when the model mustn’t over-predict in either direction. 
 

 
 

2.6 Satellite products 
 
The precipitation measurements were gathered through Google Earth Engine 
(GEE). This is an open-source platform that allows satellite products to 
publish their data. These satellites gather all types of data, but for this thesis, 
the precipitation will be the focus. The satellite products used are: CDR, 
CFSR, CPC, ERA5, and GPM. These products vary in provider, 
measurement frequencies, and pixel size. A rundown of each will be provided 
in this section. Important to note is the pixel size. Due to the satellites having 
an extremely large coverage range, they aren’t able to gather data for every 
specific point. So they have been summarised to an average on a pixel. These 
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pixels are placed in a grid-like manner in order to cover the covering range. 
An example of this is provided below. So in order to retain the most 
appropriate pixel, a buffer range from the desired location is applied. The 
pixel that covers most of the buffer zone is picked. Another reason for this is 
that these pixels can overlap, so a certain location can exist in two pixels. The 
buffer zone ensures that the pixel that correlates best is picked. 

 
Figure 10: Pixels 

 
 

2.6.1 CDR 
 
The Persiann - CDR is provided by the National Oceanic and Atmospheric 
Administration (NOAA) and the National Climatic Data Center (NCDC). 
NOAA is an agency that is located in the USA and tasked with monitoring 
oceanic and atmospheric conditions as well as forecasting weather. NCDC 
has now merged with NOAA and is part of that agency. The full name of the 
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product is "PERSIANN-CDR: Precipitation Estimation From Remotely 
Sensed Information Using Artificial Neural Networks-Climate Data Record", 
which collects daily data. The product is based on the neural-network 
methodology described by Ashouri et al. (Ashouri et al., 2015). The CDR 
uses GridSat-B1 IR data that is derived from merging ISCCP 1B IR data 
along with GPCP v2.2. This product provides a pixel size of 27 830 meters. 
 

2.6.2 CFSR  
 
CFSR is provided by NOAA and the National Centers for Environmental 
Prediction (NCEP), which is a part of NOAA. The full product name is 
"CFSR: Climate Forecast System Reanalysis" and has a cadence of 6 hours 
(Saha et al., 2010). The CFSR was designed as a high-resolution, coupled 
atmosphere-ocean-land-surface-sea-ice system. It has been extended as an 
operational real-time product, which has data from 2018 to the present 
(2025). The CFSR offers a pixel size of 55 669 meters. 
 

2.6.3 CPC 
 
CPC is provided by NOAA. The full name of the product is "CPC Global 
Unified Gauge-Based Analysis of Daily Precipitation", and it has a pixel 
range of 55 500 meters. The CPC also uses gauges for its measurements. 
Gauges are true values provided by stations. This is used through statistical 
interpolation methods to produce a continuous grid. This has a fallback that 
local downpours are smoothed out over the region. The methodology of the 
gauge-based solution is explained in previous studies (Chen et al., 2008; Xie 
et al., 2007). 
 

2.6.4 ERA5 
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The ERA5 is provided by the European Center for Medium-Range Weather 
Forecast (ECMWF) in collaboration with Copernicus Climate Change 
Service (C3S). The ECMWF is an independent intergovernmental 
organisation supported by the EU. Their product ERA5 is a reanalysis that 
combines model data with observations made globally into a combined data 
set. It has a cadence of 1 day and a pixel size of 27 830 meters (Hersbach et 
al., 2020). The precipitation is provided as a daily sum in meters.  
 

2.6.5 GPM 
 
"GPM: Global Precipitation Measurement (GPM) Release 07" or GPM for 
short, is provided by NASA. The GPM is an international satellite project 
that aims to provide next-generation observation of rain and snow. It works 
with a cadence of 3 hours and a pixel size of 11 132 meters. The GPM is 
described in an earlier thesis (Huffman & Tan, 2020) 
 

2.7 LeakDB 
 
The simulated data of the WDN is an open-source dataset known as LeakDB 
(Vrachimis et al., 2018). The dataset was constructed to further the research 
and development of algorithms that can detect and isolate leakages. With the 
dataset, there is also a scoring algorithm that can be used. The goal of this 
open dataset and the scoring algorithm is to create a benchmark for fairly 
evaluating all different types of leak detection.  
 
The scenarios are created with the Water Network Tool for Resilience. This is 
a Python package created to assist in investigating the resilience of water 
distribution systems. The artificially created demands are based on real data 
and created with three different parts. The demand data has a weekly and a 
yearly periodic component combined with a random component to make the 
data more realistic. Flow and pressure are then generated to fit the demands.  
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At the point of this thesis, there were 1000 scenarios available. Each scenario 
is set up during a year with measurements every 30 minutes. The nodes are 
linked with each other in the same order in each scenario, but the distances 
between them vary. The dataset contains flow, demand, pressure, labels, leak 
information, coordinates, distances, and pipe information. How the nodes and 
links are connected can be found in an inp-file within the LeakDB data set. 
The graph plotted in Figure 11 was generated with EPANET. The numbers in 
blue and red represent the NodeID and LinkID, respectively. 
 

 
Figure 11: Hanoi network 

 
Not all the scenarios actually have leaks, but for the ones that do, the leaks 
are either abrupt or incipient leaks. Incipient leaks are typically smaller 
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cracks that have the possibility of growing. This type of leak is often harder 
to find than an abrupt leak. An abrupt leak is often caused by a burst, and the 
leak will not necessarily grow as time goes on 
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3 Method 
 

3.1 Precipitation 
 
Here, the method for the real precipitation data will be covered. This section 
explains the stages: Data exploration, Model development and optimisation. 
The data exploration covers the acqusition of data and features that are used 
for the final model. The model development section explains the 
development processes and the evaluation metrics. Finally, the optimisation 
section covers the fine-tuning of the models. 
 

3.1.1 Data Exploration 
 
The initial approach for deciding which locations to use for the model was 
fully dependent on the available data from SMHI. SMHI is the Swedish 
Meteorological and Hydrological Institute and is a government agency 
responsible for gathering temporal data. These models’ focus was on the 
region of Skåne, so an analysis of data availability of the region was 
conducted in order to decide on the final locations. For the region of Skåne, 
there were 27 available stations that gathered data on precipitation; however, 
of these 27, only a handful had data before 2023. This is important since only 
having data from 2023 can lead to insufficient data for model development. 
The chosen stations had data from 1995 to the present and a good 
geographical spread. The geographical locations can be found in Figure 10. 
The stations picked are: "Malmö", "Hörby", "Skillinge", "Hallands" and 
"Helsingborg". From these stations, the daily precipitation (mm) data were 
collected from 2019-05-10 to 2024-06-02. These dates were picked because 
earlier dates had large data leakage. While it was an option to artificially 
reconstruct the missing data, this was ultimately dropped, since the data was 
sufficient and reconstructed data could be hurtfulfor predicting the true 
values. In addition to precipitation, longitude, latitude and elevation were also 
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collected from SMHI in order to be used as features and for the GEE to 
extract data from the correct location. With the stations and locations picked, 
the extractions from GEE were performed. The GEE data were collected 
from the previously mentioned satellite products. For some, the precipitation 
needed to be transformed into daily. From the ERA5, additional data was 
collected, namely relative humidity, temperature, total cloud coverage and 
wind speed. This was done due to their central role in predicting precipitation 
(Doe & Smith, 2025). The data was then gathered in one CSV containing all 
measurements from all stations. This resulted in a total of 70 thousand data 
points for the model to be trained on, which means 14 thousand per station. 
More engineered features were created based on the data. 
 
With the data properly stored and collected, the preprocessing began. In order 
to determine what type of scaler to apply, the data needs to be plotted to get a 
grasp of its distribution. From the plots, it’s clear that the precipitation data 
was heavily stacked at zero with a heavy-tail containing large downpours. 
The K2 test was also applied, which identified whether the data should be 
normalised or standardised. However, since some of the data is heavy-tailed, 
we want to apply a scaler to correct this as well. So the arcsinh scaler was 
applied to the data that fit the description. Following this, the standard scaler 
was applied to all the data. 
 
In order to expand the accessible data, engineered features were created. 
These engineered features are focused on creating a larger picture based on 
the available data. The ANN benefited from this as it got more features to 
train on, as well as finding easier correlation between these engineered 
features and the precipitation data. The engineered features consist of lag, 
wet/dry indicators, rolling features and seasonality features. It is important to 
note that for all the engineered features, the true values are kept out. I.e 
SMHI data. The reason for this is that the spatial model should work on areas 
without SMHI data. 
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The amount of lag for each model varied, depending on the evaluation of the 
result as well as the quality of available data. Furthermore, lag also consists 
of differences, which are calculated from each satellite’s individual value 
from x-days ago. This allows the ANN to pick up comparable differences 
between the satellite products and take it into account in its prediction. The 
lags were also kept less than 14 days since further lag would just be 
interpreted as noise to the model and result in a less accurate model. 
 
The wet/dry indicators were based on the mean of all the satellite products. 
This mean was used to indicate whether it had rained more than 0.1 mm over 
a changeable period. This period was held to less than a week for all models. 
This allows the model to further understand the seasonality of precipitation, 
as it has a direct value linked to dry periods. 
 
Two rolling features were used, namely wet probability and intensity. The 
wet probability uses the same threshold as the wet/dry indicator, but instead it 
checks the satellite products data individually if it is over or under the 
threshold, which is returned as a factor that acts as a probability. The number 
of days included in each roll varied depending on the model, but was also 
limited to less than a week. The rolling intensity worked similarly to wet 
probability but instead returns the average rain intensity over the given time 
period. These rolling features give the model more memory, allowing it to 
understand rainfall history. Wet probability helps with wet periods, and 
intensity helps with heavy rain periods. 
 
Finally, are the seasonality features. These features were created so the model 
understands the variation of the seasons. Since precipitation is heavily related 
to seasons, this is an important feature for the model to understand. The 
seasonal features were created with sin and cos transformations. This type of 
encoding creates a form of mapping connected to the edge of a circle. The 
number of points in the circle’s edge is dependent on whether it’s a year, 
month, week, or day. 
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3.1.2 Model development 
 
Once the data exploration and preprocessing were done, the model 
development began. The initial approach was to deploy a grid search, which 
varied the models’ depth and size. In addition, the grid search also varies the 
learning rate and batch size. Since this process is time-consuming, an early 
stopping was applied to hasten the process. The early stopping was 
monitoring the validation loss. If an improvement hadn’t been found in 12 
epochs, the training stopped, and the grid search continued with the next 
configuration. The grid search saved the best models based on metrics. These 
metrics were RMSE, MAE, MBE, R2, and IOA, with a weight favouring a 
low RMSE as well as high R2 and IOA. These metrics were given the largest 
priority due to their indication of model fitness and error evaluation. Once the 
grid search had been completed, it returned a list containing the best model 
architectures. This list held the top 10, which were moved on to model 
optimisation. The decision to hold the top 10 rather than just one was that in 
the optimisation stage, the loss function was slightly altered. This could have 
caused a swing in model performance. Furthermore, in the optimisation stage, 
the engineered features as well as other features were evaluated. This was 
done to see if the performance would increase if the features were dropped. 

 

3.1.3 Optimisation 
 
The first stage of optimisation was applied to the features to determine their 
importance for the model. Here, the features from the top 10 models were 
evaluated in order to find the optimal configuration for each of them. The 
importance of the satellite precipitation data was ignored in this optimisation. 
Since the data from each satellite product isn’t that large, all the data is 
needed. This optimisation looked at the importance of each engineered 
feature and how it affected the result. In this scenario, the results were 
evaluated by the same metrics as the model development. With the optimal 
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combination of engineered features discovered for the top 10 list, the next 
grid search was applied. 
 
The next grid search had a varying alpha in the weighted MSE loss function. 
Since the precipitation data is dominated by zeros, a larger weight of 
importance was placed on the values that aren’t zero. A spanning dropout 
probability was placed between the hidden layers, which varied in the grid 
search. This is to reduce the overfitting and expand the search for the 
optimum configuration. An L2 regularisation was also applied. The reason 
for L2 was based on the feature evaluation, since most features and 
engineered features contributed a little to the result. This indicated that L2 
should be used rather than L1. The L2 regularisation strength was also varied 
in the grid search. In order not to have an excessively large list to pick from 
in the final evaluation, all configurations that didn’t improve from the best 
model architectures’ performance were not saved. The grid-search was also 
limited to a top 5 per architecture if they met the prior requirement. This 
resulted in a max list length of 50. From this list, the metrics were 
reevaluated, and the best combination was picked for the final model. 
 
For the spatial model, an additional final test was applied. The final test was 
on a new, unseen station for the model, Hästveda. This station is also 
monitored by SMHI, which is a requirement in order to evaluate the model. 
In order to test and ultimately apply the model. All the features had to be in 
the same order as the model was trained on. If this isn’t met, the model will 
perform extremely poorly as it interprets the values incorrectly. The scaler 
must also be applied in the same way; the values could get too large or too 
small, causing more misinterpretation by the model. 
 
For the temporal prediction models, the same rules as for the spatial model 
apply when testing. However, since the temporal prediction models are 
area-specific, they will be tested differently. Their time series was split into 
80/20, resulting in the test data being the final 20% of dates in the time series. 
The option of shuffling the time series was available, since the lag and 
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previous days’ features were precalculated for each day. However, this wasn’t 
applied since a complete time series allowed for a better comparison of 
results as well as a more informative plot of its performance. 
 

3.2 Water Leakages 
 
This section explained what was done with the simulated leakage data. From 
data exploration to a developed and tested model. 
 

3.2.1 Data Exploration 
 
The data used for the leak detection came from the LeakDB dataset. As 
mentioned in 2.7, this is an extensive amount of data containing over 1 000 
scenarios for the specific WDN. Each scenario contains between zero and 
two leaks that last for varying durations. As seen in Figure 11, there are 32 
nodes connected with 34 pipes. The data for the nodes contains demand, 
pressure, and whether it is leaking, and for the pipes, the available data is 
flow. Each scenario is divided into 17 000 indices representing a year. Since 
the data is simulated, there are no other features outside the LeakDB dataset 
that can be collected. 
 
The available data in the LeakDB dataset are demand, pressure, flow, metrics 
of the pipes and coordinates. In a real WDN, the distances between nodes 
would not change from scenario to scenario and have therefore been left out 
in the development of this model. Studies have shown that the pressure in a 
pipe drops if a leak occurs (Zhang et al., 2023). Logical reasoning also says 
that if there is a leak, then more water has to flow to be able to meet the 
demands in each node. Apart from being available in the dataset, this is why 
pressure, demand and flow were chosen as features. 
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The large amount of data available would be hard to work with, and 
therefore, only a selection of scenarios was used. The selection contained 60 
scenarios with leaks, where half of them were abrupt, and the other half were 
incipient. Reducing the number of scenarios was not enough to ensure the 
best model possible, since the dataset was still heavily imbalanced. Most of 
the leaks did not last for longer than 1 000 of the 17 000 indices, meaning 
that the large majority of the data were on non-leaks. For each scenario, the 
starting index of the leak was set as a reference, then the 1 000 indices prior 
to and after were collected to further balance the data. 
 
After balancing the data, histogram plots of the data were plotted to 
determine if and how to scale it. As seen in Figures 27 and 28 and also 
calculated with Equation (6), the best scaling was to standardise the data. The 
histogram plots were done without node 1 since node 1 has a very distinct set 
of values due to node 1 being a water source rather than a normal node. Since 
this node worked a little differently and never had any leaks in the scenarios, 
this was excluded from the data. 
 
The features that were then used for the first training attempt were demand 
and pressure for each of the 31 nodes and flow for the 34 pipes. After a few 
attempts at improving the model, the direction of flow was included to 
expand the number of features. With the inp file, it was possible to see which 
pipe went between which nodes, and the flow could be both positive and 
negative. From this, "flow in" and "flow out" from each node were derived 
and used instead of just flow. 
 
More engineered features were added over time, such as pressure times flow 
in, pressure times flow out and pressure squared. Since the data is a time 
series, it was also possible to add rolling features for each node. Rolling 
mean, standard deviation, max and min were added for all features, original 
and engineered. With around 1400 features to work with, a feature 
elimination was a necessity. The elimination was based on the training results 
of the RF model. The feature elimination worked by group, meaning demand 
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for all the nodes were summed up as a group of features, and during the 
elimination, a group was eliminated per run rather than a single feature. 
 
Looking at the labels for the data, two different sets were created. The first 
one being binary, with 0/1 representing no leak and a leak in the system as a 
whole. The second was constructed as a multi-binary array of 0s and 1s 
representing a leak or no leak in each specific node in a time step. 
 

3.2.2 Model development 
 
A few attempts to train and develop both ANN and RF models were 
conducted before, during and after the data exploration. Important to note is 
that the development was tested in two separate ways. The first idea was 
simply to have an ANN model locate the leak. This would then be done with 
the multi-binary array as labels. 
 
Due to the poor results with just a single ANN, a different approach was 
developed. A pipeline solution was implemented where an RF model would 
first predict a leak or no leak in the entire system. If the RF model found a 
leak, then an ANN model would locate it. In this pipeline, the two models 
were trained separately but on almost the same data. The RF model used all 
indices and the binary label for the entire WDN. The ANN model, instead, 
was only trained on the indices where there was an actual leak and the array 
as labels. This means that the ANN had never seen an index without leaks. In 
the pipeline, the RF first made its prediction, and every predicted leak was 
sent to the ANN that predicted the location of the leak. 
 
Grid searches for both of the solutions were made for all incoming 
hyperparameters and architectures. Unfortunately, no changing of parameters 
could make the ANN solution comparable to the pipeline, and therefore it 
was dropped. For the RF 100, 200, 300 and 500 numbers of estimators were 
tested and thresholds between 0.50 and 0.95 with a step size of 0.05. For the 
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architecture of the ANN, one to five layers with sizes 256, 128, 64, 32 were 
tested with all possible combinations. The hyperparameters for the ANN 
were learning rate, batch size and epochs. The batch sizes used were 128, 64, 
32 and 16. Learning rates were 0.001, 0.005, 0.01, and 0.05. The epochs were 
also grid searched, but eventually not important after the optimisation. All 
grid searches were evaluated on the accuracy of the models. 
 
 
 
 
During the optimisation, early stopping was implemented. This is why the 
number of epochs was disregarded. The early stopping had a patience of 10, 
meaning that if the value loss of the model did not change over the last 10 
epochs, the training was considered done. This is a common step to add to 
ANN models to decrease the time of training. Apart from early stopping, 
node dropouts were also added. A node dropout rate for each step was added 
to reduce the risk of overfitting. To further improve the result of the ANN 
model, weighted features were also tested, but without any noticeable change. 
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4 Result 
 

4.1 Precipitation 
 
In the following segment, the results from the precipitation models are 
presented. The preprocessing was the same for both the spatial and temporal 
prediction. In the model section, each variation’s result was presented clearly. 
A further evaluation of the results was conducted in discussion, where the 
performance was compared to the satellite’s individual performance. 
 

4.1.1 Precipitation Preprocessing 
 
The data was initially plotted as a histogram to give a general presentation of 
its distribution. From the graph below, it was clear that all the precipitation 
data needed scaling, while the relative humidity, temperature and wind speed 
already followed a typical bell curve form. This means that a standard scaler 
was sufficient for RH, T_C and wind_speed. 
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Figure 12: Histogram Unscaled 

 
 
Now, a standard scaler was applied to all the graphs. This could be seen in 
Figure 13 below. Here, it was clear that the standard scaler was sufficient for 
the RH, T_C and wind _speed. The total cloud cover had also achieved a 
decent shape and did not need further scaling. However, for the precipitation 
data, further manipulation was required. 
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Figure 13: Histogram With Standard Scaler 

 
For the final scaling, which was used for the model, an arcsinh scaler was 
applied before the standard scaler. Giving the result found below. The values 
were still skewed, but this is due to the large number of zeros. This was taken 
into account with the design of the engineered features. 
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Figure 14: Histogram With Arcsinh And Standard Scaler 

 
In order to remain consistent with scaling, all engineered features related to 
satellite precipitation data will be arcsinh and standard-scaled. The features 
related to humidity, temperature, cloud cover and wind speed will just be 
scaled with a standard scaler. This ensures that the engineered features don’t 
get skewed due to scaling. 
 

4.1.2 Spatial Model 
 
The spatial model had the following architecture and made use of a 
"weighted MSE" as a loss function, see Table 2. 
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The engineered features used for the Spatial ANN model can be seen in Table 
3. 
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Results from the spatial model applied to Hästveda for 5 and a half years can 
be found in Table 4. The model retained a strong IOA value while having an 
R2 larger than 0.5, which indicated a good fit. The RMSE, in combination 
with MAE, suggest the largest error was attained for days with heavy rain. 
This was expected due to the training data not having such frequent high rain 
days. The MBE showed that the model underestimated precipitation, which 
could be seen in the graph as well as in the scatter plot. 
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Figure 15: Spatial Forecast Hästveda. 

 
Figure 16: Scatter Hästveda 
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4.1.3 Prediction Models 
 
The prediction model for Malmö retained similar values as the spatial model 
did for Hästveda, but with a higher R2 value, see Table 5 and Figure 17. 
Notable here was the MBE value being -0.28, which showed that the model 
had a small negative bias. This could be seen in the scatter plot. From the 
prediction graph, it was quite clear that the error was dominated by the peaks, 
see Figure 18. 
 

 

 
Figure 17: Temporal Prediction Malmö 
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Figure 18: Scatter Malmö 

 
The Hörby model performed relatively the same as the Malmö model, with a 
similar R2 and IOA, see Table 6 and Figures 19 and 20. Its RMSE was lower 
than Malmö’s, showing that the model had fewer large errors. The MBE was 
larger than Malmö, meaning that the Hörby model underestimated more. The 
Hörby model had a larger MAE than Malmö, which was interesting since the 
RMSE was lower. This pointed to the Hörby model being better at capturing 
peaks but falling short on normal days and less intense downfalls. 
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Figure 19: Temporal Prediction Hörby 
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Figure 20: Scatter Hörby 

 
Helsingborg achieved similar results as the previous models, but with a 
slightly lower R2 and a higher MBE, see Table 7 and Figures 21 and 22. From 
the scatter plot, it was hard to see that the MBE would have increased in 
comparison to the other scatter plots. Numerous underestimations could be 
found in the region of prediction 0-10 mm, and observed 5-15 mm. 
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Figure 21: Temporal Prediction Helsingborg 
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Figure 22: Scatter Helsingborg 

 
The Skillinge model had a drop in IOA, resulting in it going below 0.8. The 
R2 value dropped, but remained above 0.5. It also had a significant rise in 
MBE to roughly -0.6. This could be seen in the scatter plot. Notably, it 
achieved the lowest RMSE value of the models. This could be attributed to 
the validation data having peaks of lower magnitude than the other models, 
since the MAE value was similar to the other models, see Table 8 and Figures 
23 and 24. 
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Figure 23: Temporal Prediction Skillinge 
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Figure 24: Scatter Skillinge 

 
 
 
The Hallands model performed the weakest of them all, with an IOA < 0.75 
and R2 < 0.45. These poor results were not too surprising given the station’s 
location in combination with the provided satellite data. Since the station’s 
location was on an island, the precipitation tended to be more volatile. This, 
in combination with the satellite data having poor quality in areas close to the 
sea. In terms of RMSE and MAE, the models still performed relatively 
similarly to the other models. The scatter plot shows a clear trend of 
generally good estimations until the observed value reached 10 mm and 
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above. In this area, the model clearly under-predicts and wasn’t able to 
capture these values, see Table 9 and Figures 25 and 26. 
 

 
 

 
Figure 25: Temporal Prediction Hallands 
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Figure 26: Scatter Hallands 

 

4.2 Leakages 
 
In this section, all results regarding the leakage detection are presented. 
Explanation and analysis of the results could be seen in the next part, the 
discussion. All results presented here were from the pipeline solution with RF 
followed by ANN. The single ANN solution was excluded. 
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4.2.1 Preprocessing 
 
As illustrated in Figure 27, these were the original features before scaling it. 
The way that flow in and flow out are distributed made them hard to scale. 
Either way, all features 42 were standardized and this could be seen in Figure 
28. The graphs had similar shapes, but the x-values had changed. 
 

 
Figure 27: Histogram Unscaled 

 

 
Figure 28: Histogram Scaled 

 
As mentioned in the method section, feature elimination was also done. In 
Figure 29, accuracy was plotted against how many feature groups were 
included. Both two and seven feature scores are high, and to not risk 
sacrificing robustness, the one with seven feature groups was chosen. The 
selected features could be seen in Table 10. 
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Figure 29: Accuracy depending on features 
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4.2.2 Random Forest Model 
 
After feature selection and grid search, the final result of the RF could be 
seen in Figure 30. The performance metrics for this model could be seen in 
Table 11. The model achieved an accuracy of 88% and an F1 score a bit 
lower. In this result, the threshold for the RF was set to 0.6. The increase in 
the threshold resulted in a decrease in FP. For the final RF model, 100 
estimators were chosen 
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Figure 30: Confusion matrix for random forest 

 

 

 

4.2.3 Artificial Neural Network Model 
 
After the grid searches, the architecture of the ANN ended up as three hidden 
layers, 64-128-64. Since the ANN did not have a binary output, a normal 
confusion matrix could not be used. Instead, the result was displayed in the 
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heatmap that could be seen in Figure 31. The purple boxes in the diagonal 
were nodes that did not have any leaks in the used scenarios. The 
performance metrics for the ANN can be found in Table 12. 
 

 
Figure 31: Heatmap for ANN model 
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4.2.4 Pipeline 
 
The performance of each model individually did not show the full result, the 
metrics for the pipeline could be seen in Table 13. Same as in the case of the 
RF, these metrics can be somewhat rebalanced by adjusting thresholds. The 
threshold’s implication on the result was evaluated in the discussion. 
 

 
 

In addition to the full result of the pipeline, the best and worst recalls were 
shown in Tables 14 and 15. All the worst scenarios were incipient leaks, and 
all the best ones were abrupt leaks. Also worth noticing is that, except for 
scenario 51, every single leak had been partly discovered and located. 
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5 Discussion 
 
In the following section, a discussion regarding the results is conducted, and 
the performances of the models are evaluated. The section is divided into 
precipitation, leaks and development. In the development, a discussion of real 
and artificial data is conducted. Where advantages/disadvantages are 
analysed and their effect on the model result. 
 

5.1 Precipitation 
 
For precipitation, the discussion is split for spatial and temporal prediction 
due to the methodology and analysis of the result varying depending on the 
objective. Common to all is that a comparison against the satellite data is 
conducted since it is key to evaluating their respective performance. 
 

5.1.1 Spatial 
 
The Spatial model was trained on the following stations: Malmö, Skillinge, 
Hörby, Helsingborg and Hallands. These stations have a geographical spread 
covering most of Skåne, except for the northeast region, where the final test 
is conducted on the station Hästveda. This means that the quality of satellite 
data for each station plays a vital role in the test performance on Hästveda. In 
the graph below, the satellite data is plotted against the true value for 
Hästveda. In order to make the graph clearer, only the satellite data with the 
lowest RMSE is plotted. The other satellite products, RMSE and MAE, can 
be found in Table 16. 
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Figure 32: Hästveda satellite data 

 

 
 

The model had an RMSE of 3.5955, which is lower than all the satellite 
products, which is an indication of good performance for the model. At this 
location, Era5 performed the best of the satellite products with an RMSE of 
3.8414. Important to note is that the GPM had a very poor performance at 
this station while having a good performance at the training stations. This 
leads to the spatial model having worse performance due to its reliance on the 
quality of data from the satellite products. For our model, this has an even 
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larger effect since the GPM data is the most important feature for the model. 
A drop in performance from validation to test was expected, but this was 
magnified due to the GPM data. However, the model still managed to 
outperform the other products and retain a high IOA. This indicates the 
model is able to be used for areas without stations and provides a more 
accurate result than these satellite products. The model, however, is only 
trained and tested on a small region, and its performance on regions further 
away hasn’t been tested or evaluated. It can be expected to have a worse 
performance in regions further away since it can have climate variations not 
seen by the model. 
 
The model achieved an R2 value of 0.5479, which, in statistical terms, is a 
decent or adequate result. However, precipitation is inherently noisy and 
known to be difficult to predict. This suggests that a result in the range of 
0.5-0.6 is considered good within precipitation. A substantial drop in 
validation is expected due to the data’s inherent noisiness, as shown in 
previous findings (Portuguez-Maurtua et al., 2022). Furthermore, guidance 
on interpreting the R2 value has been provided in the literature (Kutner et al., 
2005). Finding that the coefficient of determination must be interpreted in the 
context of the application domain, which, in this case, is inherently a noisy 
process. This means the model may yield a low R2 value while still being an 
adequate model. 
 
The spatial model showed improvements in all metrics in comparison to the 
satellite products. It outperformed most products greatly, except for the Era5, 
where it only marginally outperformed it. This proves that the model is able 
to increase the accuracy of the satellite data. However, further testing in the 
region is needed before applying it to a forecast model, but provides a good 
indication of the possibility of improving the precipitation data in 
unmonitored regions. Ultimately, the model achieved its goal in providing 
more accurate data and set the foundation to be used for the development of a 
forecast model. 
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5.1.2 Temporal prediction 
 
For temporal prediction, each model was evaluated individually against the 
corresponding satellite data for that station. Starting off with the model for 
Malmö, the satellite data was plotted against the true station data. The same 
process as in spatial was applied here, where only the best-performing 
satellite product was plotted. In this case, it was GPM. The other satellite 
products RMSE, MAE and R2 can be found in Table 17 after the graph. 
 
 

 
Figure 33: Malmö GPM satellite data 
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For this location, the satellite data was more stable than in Hästveda. Even if 
the CDR values are higher than the other, this is relatively smaller than in 
Hästveda. The model managed to outperform all the satellite products with a 
significantly lower RMSE value of 3.5021, while retaining an R2 above 0.55 
and an IOA of 0.85. This shows that the model captures roughly 50 percent 
of the variance of the true value and has a good agreement with the 
magnitude and pattern of the true value. In summary, the model increased the 
R2 value by 47% while decreasing the RMSE and MAE to 0.6548 (mm) and 
0.2984 (mm), respectively. 
 
Following Malmö is Hörby, which is the station that is the furthest inland. In 
the graph below, the best-performing satellite product in R2 is plotted against 
the true value. For this location, the best-performing satellite was ERA5 with 
an R2 of 0.5250. A table containing all the satellites’ RMSE, MAE and R2 

values is provided after the graph below. 
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Figure 34: Hörby ERA5 satellite data 

 

 
 

 
The trained model showed a slight increase in R2 of 10%, which is acceptable 
since the ERA5 captured the variance relatively well. Most notable here is the 
significant decrease in RMSE and MAE with 3.1093 (mm) and 2.0124 (mm), 
respectively. This is a significant improvement in accuracy. However, this 
improvement diminishes if it’s compared to CFSR. The improvement is still 
present there, proving that the model is viable. It’s interesting that the ERA5 
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is able to achieve a high R2 value even with its large RMSE and MAE. This 
emphasises the importance of evaluating the model as well as data on several 
metrics in order to capture the whole picture. 
 
 
The next station is Helsingborg. Here, the CFSR product performed the best 
in all categories. Its predictions are plotted below against the SMHI data. The 
other model’s values can be found in Table 19 after the graph. Noticeable 
about the CFSR predominance is its inability to capture peaks, showing a 
relative negative bias. 
 

 
Figure 35: Helsingborg satellite data 
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For Helsingborg, the model showed the greatest improvements in R2, with an 
increase of 36%, showing that the models capture the variance better than the 
satellites. The RMSE and MAE also decreased with the trained model, which 
is to be expected. The model retained a decrease of 0.4568 (mm) to RMSE 
and 0.1955 (mm) to MAE. From the satellite data, it’s clear that the CDR had 
a poor performance at this location, which has an effect on the training of the 
model. For a potentially more accurate result, it would be worthwhile to 
remove the CDR data from the training and complement it with more data 
from the other satellites. 
 
The Skillinge model improved in every metric. R2 increases from 0.3889 to 
0.5071, which is a 30% increase when compared to the ERA5, which 
performed the best of the satellite products. The RMSE saw a decrease of 
0.3209 mm, which is decent when the satellite product already had a decent 
RMSE value. MAE saw a similar decrease of 0.2754 mm. The CDR product 
continues to give poor estimations with large RMSE and often a negative R2 
value. 
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Figure 36: Skillinge satellite data. 

 
 

 
 

 
For the Hallands model, we saw a generally worse performance in 
comparison to the other models. The results become even clearer when 
examining the training data. Firstly, the satellite product had an RMSE 
average of 6.86 mm, which is significantly larger when comparing the data 
from the other stations. Furthermore, the MAE also averages around 3.8 mm. 
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The R2 values are also close to zero or negative. This means that a prediction 
of the average could outperform some of the models. When examining the 
full timeline of data for Hallands in Figure 38, it becomes even clearer why 
the model performed poorly. The period before the validation period is fairly 
stable, but following 2023-07 and forward, the precipitation becomes more 
volatile. For the model that has only been trained on prior data, this pattern is 
completely unseen and is a major challenge for the model to predict. In order 
to combat this, the validation period was moved. This didn’t increase the 
results since the data wasn’t sufficient. This means that the volatile period 
was too large and had a significant impact on the overall performance. 
 
 

 
Figure 37: Hallands satellite data 
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Figure 38: SMHI data for Hallands 

 
 
In summary, the temporal prediction models were able to outperform the 
satellite products. However, they weren’t accurate enough to replace active 
stations. In order for it to actively replace a manned station, it needs a higher 
accuracy. However, if the model can be properly trained on an area lacking a 
station, it would show potential to be used when manpower is scarce or a 
cheaper option is desirable. The same reasoning for the R2 values applies here 
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as in the spatial model. It is also possible to further increase the accuracy of 
the model. This can be done through more accurate satellite products or other 
features that can help the model predict precipitation. Another option is to 
consider another AI model, for example, an LSTM, which makes use of an 
RNN. The LSTM can selectively store values as well as better understand 
context over long sequences. The model also proves it can be used for future 
development of a forecast model. In contrast to the spatial model, which is 
more general, the prediction models can be developed for area-specific use if 
desired. Area-specific models tend to outperform general models. However, a 
fair comparison of this can’t be made from the results. If area-specific models 
are used to train a general forecast model, more computing power is needed 
since each area consists of a model rather than one general model. 
 

5.2 Leaks 
 

5.2.1 Single ANN Solution 
 
The ANN-only solution was excluded from the result part due to the low 
scores that were achieved. After training and grid search, the highest 
accuracy achieved was around 55%. This was achieved by the model only 
predicting no leak for every instance. The reason this worked so much worse 
than the pipeline is probably the way the labels are constructed. For the 
pipeline, the RF has almost 50/50 in zeroes and ones, and the ANN has the 
probability somewhat distributed over the 31 nodes. For the ANN, the model 
instead receives just above 50% zeroes and then the rest of the probability is 
distributed over the 31 nodes. 

 

5.2.2 Feature Elimination 
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As mentioned in 3.2.1, a lot of features were involved in the development of 
the pipeline. The groups that were finally used in the models could be seen in 
Table 10. As seen in Figure 20, using either two or seven feature groups 
scored the highest accuracy for the RF. However, using only two feature 
groups could reduce the robustness of the model. The ANN used the same 
features as the RF did, but the metrics for the ANN were not as affected by 
the feature selection. 
 
It seems that rolling, for the most part, had a higher importance than the 
non-rolling features. Since a large majority of leaks last for some period of 
time, looking at a leak often means the node leaked before that. None of the 
original features made it to the final model, apart from demand. All of them 
are present without rolling in at least one feature group. Notably, four of the 
feature groups used are rolling with pressure multiplication with some other 
features. Pressure is most likely the feature most linked to detecting the leaks 
in this WDN. 
 

5.2.3 Random Forest 
 
Firstly, the result for the RF model, the final metrics, is shown in Table 11. 
The accuracy almost hit 90%, which is good but not great. Since the data in 
the leakage detection is simulated, it is noise-free and has no other 
measurement errors. It should therefore theoretically be possible to reach 
100%. Why it does not reach that high could be coupled with a few different 
things. Not all nodes had leaks in the scenarios used, but node 25 did, and in 
Figure 31, none of those has reached the ANN. The reason node 25 has not 
made it through to the ANN is most likely due to the smaller sample sizes, 
where node 25 has a leak. In the method, it is mentioned that each leak 
should have 1000 indices prior to and succeeding the start of the leak. If the 
leak happens to only last a few indices or if the leak appears just before the 
end of the scenario, there will not be as many indices for this node. With this 
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in mind, maybe it would have been better to take more scenarios and make 
sure that there are just as many leaks in every node. 
 
The F1-score of the RF reached 86.7% and could be increased slightly by 
altering the threshold. In this case, the focus was more shifted to increasing 
the precision. This is, as mentioned, up to the user and dependent on the task. 

 

5.2.4 ANN 
 
The first thing to look at when it comes to the ANN is the heatmap in Figure 
31. In a perfect model, the entire diagonal should be yellow and all other 
boxes purple. The purple boxes in the diagonal mean, in this case, that the 
data that reached the ANN did not have any leaks in these nodes. If there 
were leaks but the ANN failed to place them, it should look more like it does 
for row 1, with lighter-colored boxes spread out. The reason that row 1 looks 
worse than the rest is that the false positives are summed up in this row. The 
ANN has not seen any inputs with no leak during training and has no correct 
way to handle the false positives. 
 
The results for the ANN are not 100% representative for two different 
reasons. The first thing is something that potentially could decrease all the 
metrics in Table 12. As seen in Figure 30, the RF misses some of the 
positives. It could be that these positives are a lot harder to predict, and since 
the ANN never sees these data points, they only negatively impact the RF. 
The second thing that would result in a better ANN score is the false 
positives. The ANN is exclusively trained on indices where the leak is 
present. This means that all false positives from the RF will affect the score 
of the ANN. 
 
So the metrics in Table 12 are not wrong, just not showing exactly how well 
the ANN can actually locate the leaks. Still, the metrics that the ANN shows 

 
94 

 



 
are somewhat reasonable. As mentioned in the RF part, it should be possible 
to score 100% on simulated data. The ANN is not really all the way there, but 
close enough considering the false positives from the RF. The ANN is trained 
to always point out a leak, and since it does not have the possibility to correct 
the RF, the false positives will affect all four metrics. 
 

5.2.5 Pipeline Solution 
 
For the final product, the pipeline. The metrics of the pipeline could be seen 
in Table 13. The first thing that can be seen in the table is that the recall score 
is very low. Recall being at 77.3% means that almost 23% of the indices with 
leaks are being missed, some by  the ANN, but this is mostly the result of the 
RF. This might seem like an underdeveloped model. What is important to 
note are Tables 14 and 15, and also the 94% precision of the pipeline. Now, 
what does this mean for the result? The worst recall scenario 51 is at 0%. 
This is because scenario 51 is the scenario with node 25 leaking. There is not 
enough data for node 25 to be a valid prediction for the model. Without 
scenario 51, the leaks in all scenarios are found, even if not every index is 
predicted. This, in combination with the high precision, suggests that if a leak 
is predicted, it is very likely to be a true leak. 
 
There is one more thing that is interesting about the worst compared to the 
best recalls. All five of the worst recalls are scenarios with incipient leaks, 
and all five of the best recalls were abrupt leaks. Incipient leaks start off 
small, and it is possible that the pipeline has a hard time locating the leaks 
until they reach a certain size, and that could be the reason for the lower 
scores. This might also be why scenario 51 is not found, not only because of 
such few samples, but because the leak never reached its peak. 
 
So how useful can a model that misses 23% of the leaks be? Well, 
considering the heatmap in Figure 31, looking at the row for node 0, meaning 
no leak, the ANN model does not predict the leak in the same node every 
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instance. This means that the model in combination with some counter could 
probably sort out all false positive leaks. If the counter looks at the last 100 
data points and, hypothetically, there have been 20 predicted leaks in 
different nodes, they are not considered real leaks. If the counter for the last 
100 data points reaches more than 20 for a specific node, then it is considered 
a real leak. Using the model in this way could increase its usefulness and also 
means that the issue with false positives is decreased. 
 
Focusing on reducing false positives could be crucial for some tasks. 
Consider a company that has to send a maintenance crew to every predicted 
leak and go through the WDN node, which costs both time and money. Not 
finding a leak can also be costly, and therefore, it is an important result that 
almost all the leaks were at least partly found. Finding leaks sooner will 
reduce water waste, which is very important due to the scarcity and cost of 
water around the globe. 
 

 

5.3 General 
 
In this thesis, two case studies were conducted within hydrology. Both use 
ANN as their solution. However, the two cases differ in their respective tasks 
as well as data. For the precipitation, it was a regression task with real data, 
while leak detection was a categorization task with artificial data. The type of 
data directly affected how the data exploration was conducted. Firstly, 
anomalies aren’t present within artificial data, which reduces the amount of 
data alteration. Furthermore, noise isn’t normally present in artificial data. 
Sometimes it is, but often it is Gaussian-generated noise. This results in the 
data being almost completely accurate, which isn’t the case with real data. 
For the precipitation data, there were plenty of missing data points for 
specific days. That needed to be altered. From this, it is clear that artificial 
data is easier to work with and produces better results. However, since the 
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data is artificially generated, this limits its usage in the real world, and the 
real data achieves the opposite. 
 
As mentioned earlier, this thesis mainly focused on the use of ANN. This 
doesn’t mean that an ANN model is the optimal solution for these tasks. 
Potential other models could achieve the same or better results. The goal was 
rather to highlight areas where AI and machine learning had the potential to 
be implemented, as well as the benefits of implementing it. 
 
 

 
97 

 



 
 

 

 

 

 

 

 

 

 

 

 

 
98 

 



 
6 Conclusion 
 
In the following section, a short conclusion of the case studies was presented. 
The results will be reflected on, whether they were satisfactory or not. 
 

6.1 Precipitation 
 
In this case study, two types of AI models for precipitation have been 
investigated. One spatial model, trained to predict the precipitation at a given 
location in Skåne. The other models were prediction models, which were 
area-specific. These models had the goal to be able to predict similar values 
as the local station. 
 
In conclusion, the precipitation models have varying results. The spatial 
model achieved good results and outperformed the satellites in its task. This 
proves that a spatial model can be used to achieve higher-quality data in 
unobserved areas. This lays a foundation for the implementation of a forecast 
model that uses a spatial model’s output as a feature. 
 
For the temporal prediction, the results were not fully satisfactory. In the case 
of replacing active stations, the model fell short in all locations. However, the 
prediction models were able to increase the accuracy of the data. This shows 
that the temporal prediction model is an option in areas lacking coverage 
from stations. This is a cheaper alternative to a local station and diminishes 
the manpower needed. 
 

6.2 Leaks 
 
In this work, it has been investigated if machine learning can be used to 
detect and locate leaks in WDN. The results from the simulated data are 
promising, with almost every leak detected and localised. This indicates that 
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machine learning-based solutions have the potential to improve the work that 
is done today and reduce the times customer complaints to detect leaks. 
 
Water is one of the world’s most vital resources. Improving the leak detection 
could greatly increase the efficiency of the water distribution and also 
decrease the water waste. This is an important work, and machine learning 
could be an important part of this. 
 

6.3 General 
 
This thesis has investigated two different approaches to integrating AI into 
hydrology. The results gathered demonstrate once again how AI can be 
applied across a wide range of fields. Considering how vital water is and the 
waste and scarcity that can be seen globally, further involving AI in 
hydrology is an important area of research. The thesis also highlights key 
differences in designing a model based on data type. Furthermore, how it’s 
applicable to rather simple models. 
 
 

 

 
 
 
 
 

 
100 

 



 
7 Future Work 
 
For the spatial model, there are improvements to be made before it can be 
used for its end goal. Firstly, more accurate satellite models should be looked 
into. These would enable the model for more precise results. Secondly, the 
model needs to be further tested on other areas within the region of Skåne. 
This is needed for further proof of concept. With these two steps improved, 
the model will be ready to use a data source for a forecast model. 
 
In regard to the temporal prediction models, they clearly need further 
development if they are to replace real stations. The improvements needed 
follow the same plan as for the spatial model. Another option is to change the 
goal of the model. Rather than replacing stations, it could be developed to 
support the stations. In this version, the model will focus on estimating the 
values of missing dates. This allows the model to achieve higher accuracy 
through the usage of real values in the training process. The need for this was 
discovered through the data collection. The stations had a lot of periods with 
missing dates, with varying periods. 
 
The leakage detection part of the thesis is only tested on simulated data. 
Future work should focus on real data and, hopefully, also real-time detection 
to determine how soon a leak can be detected. There is a challenge with 
labels on real data, due to the fact that not every node has leaked. A potential 
solution to this could be the use of spatial data. In the leakDB dataset, the 
lengths of the pipes vary from scenario to scenario. This is not the case in a 
real WDN, as the pipe length and location would be fixed. This also allows 
the model to be expanded to give more accurate leak location instead of being 
constrained to nodes. With this in mind, the result of this thesis still shows 
potential as a viable solution and can be used as a foundation for future work. 
 
The models have been developed as planned, but due to some issues with the 
Application Programming Interface (API) provided by Kentima, they are not 
integrated into the software. This was one of the targets of the thesis, and this 
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will be addressed in a future step. However, simulating values in the software 
was successfully tested, so integrating the models is definitely a possibility. 
Further implementations beyond leakage detection are possible as well, such 
as predicting maintenance, water quality monitoring, and energy 
optimisation. Expanding the system to incorporate such functionalities could 
significantly enhance operational efficiency, reduce costs, and improve 
system reliability. Consequently, these future implementations would provide 
substantial benefits not only to Kentima and its clients but also to society at 
large by contributing to more sustainable and resilient water management 
systems. 
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