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Department of Electrical Engineering
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Abstract

The transition towards a more sustainable energy system has increased the need for
more precise and interpretable models for predicting future electricity demand. This
thesis proposes a machine-learning based framework for predictive modelling of
electrical loads, with the goal of enhancing grid infrastructure planning, particularly
at the local level. The framework encompasses three components: (1) a load
decomposition model that separates historical load into base load, temperature-
dependent load and a solar generation component using only basic information such
as temperature and solar radiation, (2) a building-informed segmentation model that
estimates the coefficients for these load categories based on aggregated local building
data, and (3) a residual process model that is used to model the stochastic variations
that are not accounted for in the previous models. The models implement statistical
methods, including machine learning with neural networks, modelling of stochastic
processes and Monte Carlo simulations.

The proposed framework can be used to provide several insights, such as peak
demand, load duration curves and how these are affected by changing climate
patterns or construction of new buildings. In addition to estimating extreme values,
the framework can be used to model daily demand patterns, valuable when
evaluating adoption of sustainable energy sources which are often less controllable. By
explicitly linking electricity usage to observable variables such as temperature and
solar radiation, the models allow energy and utility companies to make data-driven
decisions for grid planning without sacrificing interpretability or operational
transparency.

Keywords: Machine Learning, Electric Load Segmentation, Grid Infrastructure
Planning, Neural Networks, Solar PV Generation, Stochastic Modelling, Monte Carlo
Simulation
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Introduction

1.1 Background

Modern society is increasingly dependent on electricity, not only for essential services
like heating, lighting, and communication, but also for the transition to a more
sustainable future through electrification of transport, industry and heating. This
growing demand, alongside the decentralization of production (e.g. solar panels and
wind power), places new pressures on the electricity grid. European climate policy
goals require a reduction of at least 80 % of all CO, emissions by 2050 [1].

To accommodate these changes, the electrical grid must be continuously expanded
and reinforced. An important aspect of this planning involves determining the future
electricity demand in specific areas. Estimating this demand accurately is necessary
to avoid both under-dimensioning (leading to overloads or outages) and over-
dimensioning (leading to unnecessary costs and unused infrastructure).

One of the key challenges is estimating the maximum power needed in a local area,
which directly affects the sizing of components like substation transformers.
Traditional estimation methods often rely on historical averages or general
assumptions, which may not reflect the true variation and growth in usage patterns.

This thesis explores modern methods for estimating local electricity demand using
neural networks. The work was carried out in collaboration with Endre Technologies
AB, a company developing software tools that leverage societal data to improve grid
planning decisions. The focus of the study has mainly been on electrical grids located
in Sweden.

1.2 Aim

The aim of this study is to develop and evaluate a machine learning-based framework
for predictive modelling of electrical load profiles to assist grid infrastructure
planning. The framework seeks to decompose load time series into interpretable
components, estimate these segmentation parameters from building data, and
simulate stochastic demand variations, thereby enhancing the accuracy and
interpretability of local power demand modelling.
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1.3 Goals

The overarching goal of this thesis is to contribute to the field of electrical grid
planning by developing and evaluating methods for predicting power usage
characteristics. This is motivated by the increasing need for accurate, data-driven
dimensioning of grid infrastructure in response to electrification and distributed
energy generation.

To this end, we formulate two central research questions:

1. For a given period, such as the expected lifetime of the transformer in the
substation, what is the expected maximum power it will have to deliver?

2. How does the distribution of electricity demand depend on external variables such
as temperature, solar radiation, time of day, and building characteristics?

Question 1 is of main interest to electric grid companies, while answering question 2
hopes to provide a more specific and general description of the usage patterns that
can be used to answer question 1.

1.4 Limitations and Demarcations

Power usage is heavily linked to temperature in Sweden [2]. Therefore, to properly
model the future power usage there is a need to also simulate the temperature
process. This is something this thesis does not cover and would be an opportunity for
further studies.

The model will only be evaluated on Sweden and is focused on Sweden, challenges
with other geographies will only be discussed briefly.
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Theory

This chapter presents the theoretical foundations upon which the project is built. It
begins with an overview of traditional methods for grid dimensioning, such as the
Velander model and typical load profiles, highlighting their limitations in modern,
dynamic demand environments. This is followed with a discussion of different types of
electrical load and how they impact local electricity usage.

The second part of the chapter introduces artificial neural networks and other
machine learning concepts relevant to this work, including autoencoders, loss
functions, and uncertainty estimation via gaussian negative log likelihood (GNLL).
These techniques form the basis for the predictive models developed later in the
thesis.

2.1 Velander Model

The de facto standard for estimating the power demand is the Velander model [3]
which describes how the maximum power usage scales with the number of buildings.
It is a relatively simple model that assumes the usage of different buildings follows a
normal distribution and that these usages are independent of each other, which is not
necessarily the case. Furthermore, it also does not describe the effects of other
parameters on the usage, such as temperature and time of day, or when the peak
power occurs. These electricity consumers may all align their usage, (and in that case
it underestimates the power usage) or they may often not align their usage, and the
energy company will have built an unnecessarily powerful transformer.

For peak load of the Xth percentile Velander model is in practice given as

BN =W, + By/W,. (2.1)

Where 8 = K(X).  is variance-to-mean ratio, W, is the estimated annual average
power and KX) is the probability density of peak power PX) [4], [5].

2.2 Typical Load Profile

Another common method for peak power calculation is the typical load profile
method [6]. This is a way to address the limitations of the Velander method, but it
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also introduces some limitations of its own. See the visual comparison in Figure 2.1
and Figure 2.2.

Load
+
Load
1
Load

0 Time 24h 0 Time 24h 0 Time 24h
Office Residential House Aggregated
Load Profile =~  ==-=----- Velander

Figure 2.1: Comparison between the Velander model and typical load profile
method. Here, the Velander model overestimates the actual load since peak load
occurs at different points for the different buildings.

= =]
g — 8
— —
0 Time 24h 0 Time 24h 0 Time 24h
Office Office Aggregated
Load Profile @  =======-- Velander

Figure 2.2: Comparison between the Velander model and typical load profile
method. Here, the Velander model underestimates the actual load since the peak load
of the buildings align.

The problem with the typical load profile method is mainly the lack of flexibility; it
relies on having a typical load curve for every distinct building type and every
distinct geographical location. These curves also need to be updated with changed
power consumption patterns [2]. A benefit of this model is that it is possible to create
typical load profiles for anything that has a regular power usage. This can, for
example, be used to combine 100 houses with 20 curves for charging of electrical
vehicles if the prediction is that 20% of houses will have electrical vehicles [7].

The optimal model would have the modularity and consistency of typical load profiles
and the stochastic modelling and flexibility of the Velander model.

2.3 Types of Loads

This project focused on three different types of loads and power generation:
1. Solar generation.
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2. Temperature dependent load. This includes everything used to either heat

buildings during winter or to cool them during the summer.
3. Base load, for example usage of refrigerators, stoves, computers and indoor
lighting.

2.3.1 Solar PV Generation

Solar photovoltaic (PV) panels are used to convert the solar radiation into electricity
through the photovoltaic effect. As the use of solar panels continues to rise in Sweden,
their contribution to the electric power balance must be considered when modelling
electricity demand. Instead of being a traditional load, solar PV generation offsets
usage, therefore effectively reducing the net load seen by the grid during periods of
sunlight (if the load can be consumed by the producer).

The power output of solar panels depends on several factors, including;:
e Solar irradiance

o Panel orientation and tilt

e Ambient temperature

e Panel technology and material

Figures 2.3 to 2.6 illustrate the theoretical and simulated relationships between solar
production and environmental conditions.

18201ar Radiation at Peak over the Year at Latitude 56.7°N

<
(0.¢]
I

<
D
I

Solar Panel Angle
OO

Solar Radiation [%]

0.4 1 950
— 45°

0.2 1 — 56.7°
— 90°

OO T T T T T T T T T T T
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan

Figure 2.3: Captured solar radiation as a function of the angle of the solar panel,
during midday. In this figure, the captured radiation is calculated at 56.7°N and is
purely geometric without any atmospheric effects. A solar panel angle of 0° means flat
on the ground. The y-axis expresses the captured solar radiation as a percentage to
what it would be if the solar panel was perpendicular to the solar radiation.
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The effect demonstrated in Figure 2.3 is purely geometrical. In reality, it would also
be impacted by atmospheric factors since more solar radiation is scattered at shallow
solar angles. The solar radiation data that is provided for this project is measured as
global radiation, meaning that it is the radiation power experienced by a flat

horizontal disc. Figure 2.3.

Solar Panel Efficiency at 800 W/m?

20 1

Efficiency [%)]
&

10 1
51 —— C(Canadian Solar CS5P-220M
First Solar FS-4117-3
O T T T T
—20 0 20 40 60

Temperature in Solar Cell [°C]

Figure 2.4: The dependence of temperature on solar panel efficiency. The power
output is dependent on what solar cell is installed and its material, this figure shows
a Canadian Solar CS5P-220M made with monocrystalline silicon and a thin film First
Solar F'S-4117-3. The rest of this chapter will only focus on monocrystalline silicon

solar panels.

Figure 2.4 shows that for typical temperatures (—20°C to 70°C), the dependence on
temperature is almost linear. Since the sun also heats up the panels, the solar panels
often have lower efficiency at times of high power output. During the day, solar cells
can reach a peak surface temperature 35 °C above the ambient temperature according
to M. Koehl, M. Heck, S. Wiesmeier, and J. Wirth [8]. For air temperatures of 30°C,
this would translate to peak cell temperatures of up to 65°C. Theoretical calculations
for 30 °C air temperatures in Sweden give solar cell temperatures of 58 °C [9] which
align with M. Koehl, M. Heck, S. Wiesmeier, and J. Wirth [8].



2. Theory

—

Wh

[l

Daily Energy Production

Daily Solar Energy Production by Panel Tilt Angle

1750 1

1500 1

1250 1

1000 1

750 1

500 1

250 1

7N
77 TR
Vad N

— 56.7°
— 90°

Jan Felzb Mlar Alpr M:%Ly Jtlm Jllll Alllg Selzp Olct NIOV Dlec

Date

Figure 2.5: Figure 2.3 with simulated atmospheric effects for 56.7°N 12.8°W on a
Canadian Solar CS5P-220M with a nominal power of 220W [10].
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Figure 2.6: Daily solar-cell production for a Canadian Solar CS5P-220M on 56.7°N
12.8°W depending on its azimuth where 180° is straight south. The tilt is 56.7°.

The effect of solar panel azimuth is symmetrical if the temperature differences are

ignored.
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Figure 2.7: Daily solar-cell production for a Canadian Solar CS5P-220M on 56.7°N
12.8°W depending on its azimuth where 180° is straight south and the panel tilt
where 0° is flat on the ground. Here the takeaway is that solar cells facing west or
east will be more likely to have a lower tilt, since it is more effective.

These simulations were done using pvlib [11] without any temperature variations
except for Figure 2.4.

2.3.2 Temperature Load

Temperature load refers to the power used for heating or cooling a building. In
Sweden, district heating is the most common type with approximately 50% of the
total heating measured in output power (2015) [12]. Around 15% is resistive heating,
20% is heat pumps, and 15% is burning of oil and biofuel. In this project, only the
sources using electricity are of interest.

Residential air conditioning is relatively uncommon in Sweden. In residential
buildings, 40% of all heat pumps are air to air heat-pumps, and can therefore be used
to cool the air [13]. In offices and industrial buildings, there is a high adaption of
district cooling [14].

Thermal transmittance is often expressed as a U-value. U-values are measured in
Wm2K™!, and represent how much thermal energy escapes from buildings through
surfaces exposed to the outside air per unit of area and time, for a given temperature
difference. [15].

The buildings that exist today have been built over the course of hundreds of years
and are therefore built in different ways. For an outside temperature of —20 °C, it
takes less than a day for an old Swedish house built around 1880 to cool down from
room temperature to 5°C. [16] Meanwhile, a larger low-power villa built in 2007 takes
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4 days in the same conditions [16]. One major factor is that older buildings have one

or two pane windows with U-values of 2.8, while modern buildings have three panes
with U-values of 0.84, which means they lose a third of the power per m?. Walls of
modern houses have U-values of 0.09, their ceilings 0.08, their floors 0.09 and doors
have U-values of 1.4. This means that modern houses with many windows are
relatively bad at containing thermal energy. In older houses, windows can be replaced
and insulation can be added which improves their energy efficiency. Ventilation
systems are another factor for heat loss. In modern houses, ventilation systems that
use heat recovery are common, which can recycle 70 % of the heat energy in the air
leaving the building [17]. This can also be installed in older buildings. With the
increased power usage of older houses, it can even be profitable to renovate [18], but
it requires an upfront investment. The number of different variables related to heating
introduces an uncertainty when trying to predict the actual power usage for
buildings.

Since Sweden is a part of EU, the energy performance of buildings directive (EPBD)
applies. EPBD is a building energy classification system that is mandatory for all
buildings built since 2006. For small residential houses built before 2006, classification
must also be done when sold. The goal of this is to promote renovation and make
buildings more efficient for the 2050 goal of a fully decarbonized building stock. The
energy classification is an estimate of a building’s power usage compared to newly
constructed buildings. Inclusion of this data could be useful for creating a better
temperature load estimation. However, this thesis did not use any building energy
classification data.

2.3.3 Base Load

The base load should represent the load that is not directly related to heating or
energy production. This includes activities such as boiling water, charging of electric
vehicles, or use of other household appliances. In Velander’s model, it is calculated
using the mean of the load and adding a variance to it depending on the chosen §. In
the typical load profile model, it is instead handled by having a curve for the base
load and adjusting it depending on the season.

For the seasonality effect, it has been shown that the average household in the UK
uses 40% more electricity during the winter for cooking, 200% more for lighting, and
70% more for washing or drying [19]. The average household also uses 35% less
energy during the winter for cold appliances such as refrigerators [19]. Lighting is the
clearest example that it is not directly linked to temperature and more to behaviour
due to the time of the year. This load should be included in the base load and not in
the temperature since it is not temperature dependent.

2.4  Artificial Neural Networks (ANN)

The term “machine learning” includes several different methods, and one of the most
common is using artificial neural networks. As the name suggests, the method is
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inspired by the neural networks that are found in biology. They can be used to solve
several different categories of problems, including classification and regression, with
the latter being of most importance in this project.

In contrast to the biological counterpart, artificial neural networks often consist of
several sequential layers, with each layer consisting of several artificial neurons and
the outputs of each layer feeding into the inputs of the next. To calculate the output,
or activation, of a neuron, a weighted sum of the inputs is first taken, in addition to
adding a bias (offset). This result is then fed into a non-linear function, often called
an activation function, to get the final neuron output. The reason for using non-linear
activation functions is that if only linear or affine activation functions were used, the
resulting composition of these could only ever be linear or affine. A few commonly
used functions include rectified linear unit (ReLU) [20] and o [21]:

ReLU(z) = max(z, 0), (2.2)
zifx >0
Leaky ReLU(z) = {aw if 2 <0 (2.3)
(2) = — (2.4)
o)== :

Activation Functions

41 —— ReLU
Leaky ReLU (0.1)
34 — Sigmoid
z>.
=
S
1_
0
4 -3 -2 0 ] 2 3 4

Input

Figure 2.8: ReLU, leaky ReLU (with negative slope 0.1) and sigmoid activation
functions. ReLLU and leaky ReLU is the same when input > 0.

In a fully connected (sometimes referred to as “dense”) network, the outputs of all
neurons in one layer are fed into the inputs of all neurons in the next layer. The
layers between the input and output layers are called the hidden layers. If the inputs
to the neurons are expressed as a vector, then all weights for a layer can be combined

10
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into a weight matrix, and the bias into a bias matrix, which allows for efficient
computations.

The method used to fit the weights and biases during training is usually based on
gradient descent, which involves finding how the prediction error depends on the
different weights and biases, and then changing them slightly. The method used to
calculate gradients is known as back propagation and is essentially another name for
the chain rule for matrices. This is commonly handled by machine learning libraries
such as PyTorch [22] or TensorFlow [23].

To avoid moving into local minima, a modified version of gradient descent called
stochastic gradient descent (SGD) can be used. This method involves performing
gradient descent on random subsets (batches) of the dataset.

In gradient descent, the step size is dependent on the learning rate n. There are so
called optimizers that change the step size dynamically to speed up training.
Examples include Adam [24], AdamW [25], AdaDelta [26], RMSProp [27] and
AdaGrad [28].

Hidden
Input
‘ hy Output
@
@
h3

Figure 2.9: Example of a classic neural network. All the networks in this project
used this layout but with different sizes and number of hidden layers.

2.4.1 Autoencoders

In some cases, it is useful to reduce the dimensionality of data to decrease the
number of computations or storage needed. One way to achieve this is with the use of
autoencoders [29]. The autoencoder architecture is relatively simple, and it works by
having a few sequential neural layers that reduce the dimensionality, and then a few
more that increase the dimensionality to the original size again [29].

In the special case of linear/affine autoencoders, only one layer is needed for the
encoder and decoder respectively, which can be represented by a single matrix
multiplication.
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Figure 2.10: Overview of the autoencoder. It consists of two main parts, an encoder
that maps the input to a code and a decoder that maps the code to the output. Both
the encoder and decoder are then trained simultaneously.

2.5 Loss Functions

When training artificial neural networks, there needs to be a score to optimize for,
and how that score is calculated is called the loss function. This score is often
dependent on the output of the neural network, and the parameters of the network
are changed during training to minimize this score.

Common loss functions for regression include mean square error (MSE) and mean

absolute error (MAE), defined as follows:

1 & N2

MSE:g;(Yi—Y;), (2.5)
1 & X

MAE:E;YZ-—Y;, (2.6)

A

where Y, is the true value and Y] is the predicted value.

Mean Absolute Percentage Error (MAPE) is a metric that is related to loss functions,
but which is not commonly used as a loss function itself. It is rather used as a
measurement for evaluating the prediction performance of a model:

Y, - Y,

MAPE = 100% Z

As the name suggests, it is defined as a mean of all absolute percentage errors.

2.6 Gaussian Negative Log Likelihood

In cases where the data is heteroskedastic, meaning that the variance is dependent on
the input parameters, it is often desirable to know how it depends on the input

12
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parameters. Gaussian negative log likelihood (GNLL) is a method that can be used in

combination with neural networks to solve this. More specifically, it estimates the
parameters of the distribution of the output for a given set of inputs, which is
assumed to follow a normal distribution.

The method works by expanding the output from the network from one to two
outputs, representing both the estimated mean as well as variance, as opposed to only
the mean, which is normally the case. In the prior case with only the mean as the
output, the loss function is often relatively straight-forward, and often simply consists
of a function of the difference between the prediction output and the target output,
e.g. MSE. In the case of 2 outputs representing the mean and variance, there is
initially not an obvious loss function to use since there is no “target variance”. It is,
however, possible to construct a loss function that solves this, by trying to maximize
the likelihood. The likelihood £ is defined as the probability (or probability density)
of getting the observed data zx, given some distribution parameters 6:

£(0]x) = p(x]0). (2.8)

In this case, the notation £(6|z) should be interpreted as the likelihood that the true
distribution has parameters 6, given observed data x. In the case of multiple data x;
which are assumed to be independent, we can write it in the following way:

”c(e‘wlax% ---;wn) = p(x17m27 axn‘e) = p($1|9) p(x2|9) R p(xn|0) (29)

By taking the logarithm of this, we can break up the long multiplication into a sum
instead. Since the logarithm function is monotonic, maximizing log(<£) is equivalent
to maximizing £. In practice, the negative log likelihood is often used to get a
minimization problem instead of a maximization problem. This gives us:

—log £(0lzy, 25, ..., z,) = —log(p(z,]0)) —log(p(z,]0)) — ... —log(p(z,0))

n
— 3" —logp(a,l6). (240
i=1
In this case, the likelihood is defined for a given value of n and is not comparable
with likelihoods for other sample sizes. This can easily be solved by taking the mean
instead of the sum, which practically means multiplying with a factor of % This is
equivalent to taking a geometric mean of the factors in the non-logarithm likelihood.

n

1 1
——log £(0 = — —1 18). 2.11
n og ( |$1,$2, 7xn) ’I’LZ ng(mzl ) ( )

i=1
In other words, this means taking the mean of —logp(z) for all z in a dataset.

For a normal distribution, our # represents our mean p and variance o2. We can write
the probability density function as follows:

1 (x —p)?
p(x) = Noro exp (—T) . (2.12)
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Taking the negative logarithm gives us:
2

—logp(x) = %log(27r) + % log(o?) + %. (2.13)

In practice, the first constant term is often omitted. This leaves us with the following
loss function:

202

I (1 o (z—p)?
GNLL Loss = - ; (2 log(o?) + . (2.14)

2.6.1 Generalized Gaussian Negative Log Likelihood

The method above can be generalized for multivariate normal distributions. In this
case, the scalar z is substituted with the vector «, and the variance o2 is substituted
with the covariance matrix X. The covariance matrix is defined as

(E)ij =E[X; — ;] -IE[Xj — ,uj] = {\C/iff(())((ll), ;JZ):lfJZ £ . (2.15)

This allows us to generalize the probability density function as follows: [30]

1 1 Tl
p<w>=mexp(—§<w—u> S n), (2.16)

where D is the number of dimensions and |X| is the determinant of 3. Taking the
negative logarithm gives us:

~logp(x) = 2 log(2m) + L log(S) + (@~ TS M@ ) (217)

2.6.2 Cholesky Decomposition

For ¥ to be a valid covariance matrix, it needs to be positive definite. A symmetric
real matrix M is defined as positive definite when [31]:

T Mz > 0 for all x € R™ \ {0}. (2.18)

This causes a problem when assigning the outputs of, for instance, a neural network
to the elements of the matrix, as there is nothing that enforces this condition.
Fortunately, this can be solved by letting the neural network output the elements to a
matrix that factorizes ¥ in a specific way:

> = BBY, (2.19)

where B is any real matrix. Inserting this into Equation (2.18) shows that this
factorization will satisfy the positive definiteness condition:

eTBB Tz = (BTz)" (BTz) = |BT2|? > 0 for all z € R\ {0}. (2.20)
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We can impose an additional condition on B, which is that it should be lower
triangular. This comes with a few advantages that will be shown later. We call this
matrix L. In this case, we have:

> =LL7, (2.21)

which is called the Cholesky decomposition. We have not yet proved that any positive
definite matrix can be factorized this way. This turns out to be true and is proven by
T. A. Manteuffel [32]. In other words, every covariance matrix 3 can be factored in
this way, and every lower triangular matrix L gives a valid covariance matrix. This
allows us to parameterize 3 in a way where we can continuously move in the space of
all covariance matrices, without concern for leaving that space.

Substituting this Cholesky decomposition into Equation (2.17) gives us

~logp(x) = 5 log(2m) + L log(|LL|) + 3 (@ — w) (LLT) (x — ). (222)

Using that |[LLT| = |L| - |L7| = |L|? and that (LLT)™" = (L~1)" (L), we can

simplify further:
~logp(x) = 5 log(2m) + log(|L]) + 5(x — )" (L) (L) (@ — )
= 2 log(2m) +log(|L]) + 3 (L (@ — ) (T (@ — ) (229
= 2 log(2m) + log(| L)) + 1L (= — w)”

To avoid calculating the inverse of L, it is possible to instead let the neural network
parameterize L™! directly:

~logp(x) = 5 log(2m) — log(|L™)) + L |L " — )| (220

A result of using L or L~! instead of ¥ or any other factorization is that it simplifies
calculating the determinants. Since both L and L~! are lower triangular matrices,
their determinant can be calculated by simply multiplying their diagonal elements.
Furthermore, the logarithm of the determinants can be calculated by summing the
logarithms of the diagonal elements.
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Methods

This chapter aims to present the methods used in the project to achieve the stated

goals. It includes sections on data preparation, as well as the different models used.

Figure 3.1 describes an overview of the proposed framework.

The proposed framework consists of the three following models:

1.

The Load Decomposition Model is used to segment the measured load for a
substation service area into a few interpretable categories, including a temperature
based component, a solar radiation based component and a few components based
on time of day and time of year. In other words, it learns how each of these
components depend on their respective input values, and expresses the total load
profiles for the different substation service areas as weighted sums of these
components, scaled by what we refer to as load segmentation coefficients.

The Building-Informed Segmentation Model is used to estimate load
segmentation coefficients for substation service areas where historical load data is
not available. These are estimated from aggregated building data in the substation
service area.

The Residual Process Model is used to model the stochastic variations that the
previous models do not account for. These stochastic variations have a large effect
on the extreme values of the load profiles, and are thus of high importance for the
main research questions of this thesis.
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Building-Informed
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(Section 3.3)
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(Section 3.4)

l Duration Curve

Figure 3.1: Overview of how all parts of the model are connected. This represents
the model in its inference step, the setup is different when training. The lines
represent the data flow or dependency, meaning that, for instance, the data collection
step has to be performed before the data cleaning step. The dashed arrows represent
alternative data dependencies, in this case that when there is no historical load data
available, the output from the building-informed segmentation model can be used

instead.

3.1 Data Preparation

Three primary datasets were used in this study: load data, building data, and
weather data. The building data included information on building outlines, heights,
and classifications. The weather dataset comprised of hourly measurements of solar
radiation and temperature.

To ensure the privacy of residents, the load data was aggregated over larger
geographic areas, which will be called substation service areas for the rest of this
report. These areas varied in size, including anywhere from a few buildings to several
hundred. The load data was available at an hourly resolution but limited to a single
year. Corresponding weather data was available for the same time duration as the
load data.

The building data was augmented by including more specific categorical and building
usage data from other sources.

The data processing was done using GeoPandas [33] which is an extension to the
python data manipulation library Pandas [34] for geospatial data.

3.1.1 Data Cleanup
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Initially, substations with a large amount of missing data for the load profiles were

removed. For some substation load profiles, there were a few individual missing data
points; these were substituted by neighbouring load data points. After this, outlier
substations were identified by comparing the total substation energy usage and the
total building volume for the respective service areas. These substations were often
relatively small in scale, and were connected to electricity consuming buildings or
infrastructure with abnormal or extreme usage patterns that were considered outside
the scope of this study.

3.1.2 Feature Selection

The framework consisted of three models that used different features as inputs.

Two of the features for the load decomposition model (Section 3.2) are the time of
day and time of year, both encoded as 2D vectors with the sine and cosine of the
time such that the vectors rotate one revolution along the unit circle every day or
year respectively. This is done to both make the end and start of a day or year
continuous, while providing a unique value for every hour. The model also has binary
holiday data [35] since holidays cause a change in behaviour and therefore power
usage. All holidays and non-workdays, Saturday and Sunday, are considered equal.
These values are used to create base load curves, which can be combined to create
typical base load patterns.

The temperature dependent power usage is predicted using temperature averages for
the last 1, 2, 4, 8, 16 and 32 hours. Additional historic values were tested without
visible improvement.

The load decomposition model also included a solar dependent power prediction,
which used time of year, encoded as a 2D-vector as before, and global solar radiation
data as input features. The time of year was used as an input to allow the model to
compensate for the difference between the solar panel output and the global
radiation, caused by the effects detailed in Section 2.3.1.

For the building-informed segmentation model, (Section 3.3), 15 different building
types were used, as described in Table 3.1.
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Table 3.1: Comparison between the different building categories by count and

volume.

Building Category Per.cer.lt of Total Pef'ce.nt of Total
Building Count | Building Volume

Complement 52.94 % 9.59 %

Villas 26.78 % 20.50 %

Chain House 4.73% 2.83%

Row House 3.88% 2.41%

Apartments 3.78% 24.17 %

Allotments 1.77% 0.22%

Commercial 1.31% 13.81%

Public 1.19% 4.37%

Multifamily Residential 1.15% 2.08%

Industry 0.84 % 13.09 %

Other 0.63 % 0.36 %

Farm Building 0.44 % 0.88%

Education 0.26 % 2.71 %

Unspecified 0.17% 0.08 %

Offices 0.11% 2.90 %

This set of building types was chosen as it was deemed to include most types of
typical usage patterns, without having too many individual types which would
increase the risk of overfitting. The building volumes were calculated by multiplying
the projected ground area with the height estimated.

For each substation, the service area consisted of a number of grid connection points.
The dataset only contained the geographical coordinates of these points, but not the
buildings they were connected to, which meant that buildings would have to be
matched with their grid connection points. The buildings were assigned to their
closest grid connection point if the point was within 20 m from the outline of the
building. For some building types commonly found in sparsely populated areas, the
limit was increased to 100 m. The reason for having a distance limit was that some
buildings were not connected to any substation. Some buildings had several grid
connection points in their interior. For these cases, the building was divided up
amongst these points based on closest distance. The aggregated volumes for each
building type and substation service area were then used as input features for the
building-informed segmentation model.

The residual process simulation model (Section 3.4) used input features already
defined for the load decomposition and building-informed segmentation models,
meaning that no extra feature selection was necessary.

3.1.3 Data Normalization
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When the data was used as inputs to neural networks, it was normalized so that all
input values were mapped to between —1 and 1. This was done to allow for better
convergence during training. The load dataset was normalized by dividing it with its
mean.

3.2 Load Decomposition Model

The goal of the load decomposition model was to decompose the load profiles for the
substation service areas into the following categories:

e Time-dependent (base) load
e Temperature-dependent load
e Solar radiation-dependent load or production.

This was done by letting the model simultaneously learn how each type of load is a
function of its corresponding variable, e.g. how the temperature-dependent load varies
with temperature, and the size of that load category in relation to the other load
categories for a specific substation service area.
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=
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=
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Figure 3.2: An example week of the different categorical load profiles in spring.
“Estimated total load” refers to the sum of the estimated load profiles for the other
categories.

Summing the load profiles for the different categories with their fitted weights for a
given substation service area will result in an approximation of the true load profile
for that substation service area. This allows the true load profile to be reduced to a
low-dimensional vector consisting of the coefficients related to each categorical load
profile. This approximation is considered to be deterministic, since it is only a
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function of other known variables. The difference between this approximation and the
true load profile, the residual, will likely depend on other factors beyond the scope of
the data at hand, and will thus be considered a stochastic process. A model of this
stochastic process is presented in Section 3.4.

3.2.1 Architecture

This subsection describes the decomposition model architecture in more detail.
Figure 3.3 illustrates a diagram of the model.

Workday ———

cos(27r t*"’“f) E———
Base
Sln( t]\om ) >
Net
ty, Base Scalers
COS( 35?) > )
(7 dims)
tdatc > S\
sm( ) ’ Estimated
I —> Dot Load
—_—
Temperature —— » Product
Temperature 2h — —>

Temperature 4h —— ey,

Temperature 8h — Net
_—
Temperature 16h Load
Temperature 32h — Segmentation
Coefficients
Vector

Solar Radiation (10 dims)

cos(27r ?fgf,f) —* Solar

Sln(27r ?f‘gtg) —— Net

Segmentation

Substation index > Coefficient

Matrix

Figure 3.3: Overview of the model architecture used for load decomposition.
The model consists of the following three neural networks:

» Base Network (green)
o Temperature Network (blue)
« Solar Radiation Network (red).

The base network is a fully connected neural network that has an input vector
consisting of 5 arguments: a binary parameter for whether it is a workday at the
given point in time, along with the cosine and sine of the time of year along with
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time of day. The reason for encoding time as sine and cosine was to avoid
discontinuities at midnight and at the beginning of the new year. In addition, the

base network has two hidden layers with 16 neurons each, and seven output neurons.

Between the layers there is a ReLU activation function (Section 2.4).

The aim is that the final output of the base network should represent the deviations

from the mean of the base load. Thus, it is calculated by, for a given output,
subtracting the outputs from a baseline input vector with zeros for the cosine and
sine inputs, and one for the workday input as shown in Figure 3.4.

Base Scalers Base Net
(7 dims) Output

I 9,16,16,7

: Neural Network :

_____________________

Base Net(1,0,0,0,0)

Figure 3.4: Overview of the model architecture used for the Base Net as seen in
green in Figure 3.3. 16, 16 is the size of the hidden layers with the same setup as
Figure 2.9. Five is the size of the input and seven is the size of the output.

The temperature network is a fully connected neural network that has an input
vector consisting of 6 arguments. They are all temperature means but over different
time frames. 20 °C was chosen as the reference point for the model since it is a
common indoor temperature [36].

The aim is that the output of the temperature network should represent the power
usage for a certain temperature history. The idea is that an average thermal inertia
buildings will be encoded in the weights for the different time spans.

of
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Temperature 32h ——

Temperature Net
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Figure 3.5: Overview of the model architecture used for the “Temperature Net” as
seen in blue in Figure 3.3. The 20 °C values shown as inputs for the reference signal
at the bottom are in reality normalized such that they fall between —1 and 1
(Section 3.1.3).

In this project, the solar PV model learns a seasonally adjusted solar power output
scaling curve that captures the average effects of atmospheric scattering, orientation,
tilt and temperature. This allows the neural network to approximate the real-world
impact of PV systems on electricity usage over the year, without requiring detailed
installation data for each panel. To do this, the solar network uses the current time of
year as input, encoded as a 2D vector using sine and cosine as previously described.
The output of this network is then fed though a sigmoid (o) activation function to
keep it between 0 and 1. This output is then multiplied with the current solar
radiation for the area to provide the estimated current solar PV generation.

Solar Net
s Solar Solar Net
cos (27T Lane )

365 E > Neural Network : E Scaler N Output ‘
1 0— r >

. > X
sin(27r%) —:—> 2,16,1 \T/

Solar Radiation

Figure 3.6: Overview of the model architecture used for the “Solar Net” as seen in
red in Figure 3.3. ¢ is the sigmoid activation function.

To take the effects from Figure 2.3, Figure 2.4, Figure 2.5 and Figure 2.6

(Section 2.3.1) into account, the neural network outputs a solar generation scaling
curve for the year to compensate for differences between the measured global solar
radiation and the actual power outputs of the solar panels.
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Base
Base Net —— Load
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11 Temperature Estimated
Load Load
Temp Net X > 2
Solar
Load
Solar Net )? >

Load Segmentation Coefficient Matrix

Figure 3.7: Diagram showing the dot product block from Figure 3.3 in more detail.
The load segmentation coefficient matrix has values for each substation service area,
which scale the load curves from the networks on the left side. The “1” below the
Base Net is concatenated to the output from the Base Net.

3.2.2 Loss Function

For the load decomposition model, a simple MSE loss function was used

(Section 2.5). A modified version was also tested, where the errors of cold days
carried higher weight, but this was not used in the final version of the model. The
reason for this was that in case of noisy (load and temperature) signals, the noise
would have a disproportionate effect since the model would place too much weight on
very few individual days.

3.2.3 Training

The model was implemented in PyTorch, which allowed the model to be trained using
CPUs or GPUs. Section 2.4 describes the general theory for training neural networks.

For hyper-parameters, the model included learning rate, weight decay, epoch count
and the sizes of the hidden neurons in the various networks. Since the network has
few parameters, it has a low risk of overfitting the data, and therefore more epochs
generally give better results but with diminishing returns.

A hyper-parameter sweep was also carried out, which consisted of automatically
testing a number of configurations to find the best combination of hyper-parameters.
The results are shown in Figure 3.8.
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Figure 3.8: Diagram showing one of the sweeps that was carried out. The diagram
displays how the number of base scalers, learning rate and weight decay affect the
train loss. From these results, it was decided that seven was a sufficient compromise
between simplicity and performance. For each run, the parameters were sampled from
a uniform distribution. Train root mean square (RMS) error was chosen as the metric
to optimize for since the model was considered to not be complex enough to overfit
considerably.

3.3 Building-Informed Segmentation Model

In some cases, there is limited historical load data that can be used for segmentation,
which means that other data sources will have to be used to estimate future load.
This includes both completely new substation service areas, and modifications to old
substation service areas such as new building projects. This is the goal of the
Building-Informed Segmentation Model.

To summarize, the Building-Informed Segmentation Model is essentially a regression
model that estimates the different load segmentation coefficients for a substation
service area based on aggregated building information for that substation service
area. In addition, it also estimates the size of the errors of its prediction.

The building information used as inputs in this regression is described in section
Section 3.1.2. To summarize, it consists of features representing the quantities of each
building category for the substation service areas. These quantities were represented
by two features per category, one for total building volume and one for building
count. The case with the building counts omitted was also tested. The target outputs
for the regression model during training were the learned load segmentation
coefficients as described in Figure 3.7.

3.3.1 Architecture
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The building-informed segmentation model uses linear regression to estimate the load
segmentation coefficients from the building data for that substation service area.
Mean Square Error was used as the loss function. The reason for choosing linear
regression was that the total load of the substation service area is a sum of the loads
for each building, which increases linearly with more buildings. In addition, building
volume was also chosen as a feature since larger buildings can house more electricity-
consuming activities. Figure 3.9 displays the linear regression model in more detail.

Volume Villa. — — Base Offset
Volume Apartments —» — Base Scaler 1
Volume Chain House — — Base Scaler 2
Volume Row House —— — Base Scaler 3
Volume Public — — Base Scaler 4
Volume Multifamily —— . — Base Scaler 5
Volume Commercial — Relé;lrzzzron — Base Scaler 6
Volume Offices — — Base Scaler 7
Volume Complement — — Temperature Load
Volume Economy — — Solar Production

Volume Industry —
Volume Education ——
Volume Allotments —

Figure 3.9: Overview of the building-informed segmentation model architecture.

This linear regression can be represented with a single matrix that transforms the
input vector to the output vector, and can also be thought of as separate linear
regressions for each output variable. To stop the regression from predicting something
unphysical, sign constraints were placed on some of the outputs. This includes the
base offset and temperature-based load, which were forced to be positive, as well as
the solar based contribution which was forced to be negative.

3.3.2 Training

When training this model, two different models were used to do the linear regression
depending on whether there was a non-negativity constraint on the coefficients. For
the variables without any constraints, SciKit Learn’s [37] LinearRegression method
was used. For the non-negative values, the nnls method from the SciPy [38] Optimize
library was used.

For the case of the non-negative regression, it was desirable for the model to use a
larger share of all input features rather than relying on a single feature and setting
the weights for the others to 0. For instance, in areas where the relative distributions
of building categories are very similar, it can be hard for the system to find how the
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output is dependent on each specific building category, so it can be desirable to give
the model some incentive to utilize more of the inputs for better robustness. To
achieve this, L, regularization (a special case of ridge regression [39], also known as
Tikhonov regularization [40]) was used. This can be thought of as a type of weight
decay, since it penalizes the size of the weights.

Since both libraries do not support L, regularization for the respective linear
regression functions, it was added manually by extending the data matrix with an
identity matrix scaled with the square root of the desired regularization amount.
Thus, the minimization problem is as follows:

H f;I t [8}

The matrix v/AI is a special case of the Tikhonov matrix I'. The difference is that the
Tikhonov matrix is a diagonal matrix where the values along the diagonal are not

2
2
= [Az — b]? + [|[VAIz — 0| = [Az — b + AJ2[?.  (3.1)

necessarily equal, whereas all diagonal values are equal in our case. To use a single
regularization parameter A, the input and output data had to be normalized. If it
were not normalized, the amount of regularization for each feature would be
dependent on the unit of that feature, which would be both arbitrary and unphysical.
The normalization was done by dividing both input features and output features with
the respective root mean square of all data for each feature. No offset was used, as is
often the case with normalization. Since the relationship between the input and
output quantities was believed to be linear, it was desirable to use a linear model as
opposed to an affine one.

3.3.3 Error Estimation

The result of the linear regression presented earlier can be used to get an estimation
of the likely load segmentation coefficients for a given substation service area.
However, there is often a difference between the estimated parameters and the actual
parameters, and it is useful to have an estimate of how large this difference is for a
prediction. In this section, the method used to estimate the accuracy of the
predictions is presented.

The first step of training this model was to create a list of residual vectors by
subtracting the estimated load segmentation coefficient vectors from the actual.

The next step involved calculating the distributions of these residual vectors. These
residual vectors were assumed to be multivariate normally distributed, which means
that their distributions can be parameterized by a mean vector as well as a
covariance matrix. In this case, the mean vector was equal to the zero vector because
the resulting average difference from the output of the linear regression and the true
values are zero by the definition of linear regression.

Since a vector of segmentation coefficients is estimated, it is not necessarily enough to
only analyse the variances in each dimension. One might ask what the reason is for
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trying to estimate the covariance matrix instead of only the variances of each
dimension. The reason for this is that there might often be some correlation between
different dimensions of the error vector. For instance, two dimensions might
correspond to two very similar load decomposition profiles that are almost linearly
dependent, meaning that you can achieve close to the same result in multiple ways.
In this case, if the model underestimates one and overestimates the other, the result
when summing them might be small, while the error for each dimension is large. By
using a covariance matrix to express the uncertainty, it is possible to say “coefficient
A and coefficient B have high variance, but their sum is always close to 0” for
instance. Thus, the goal of the residual prediction part of this model is to estimate
the covariance matrix that represents the uncertainty of the prediction.

The covariance matrix was estimated by creating covariance matrices for each input
feature, and then creating the resulting covariance matrix by summing the product of
each feature times its covariance matrix. The covariance matrices for each feature
(X,) are constructed from their Cholesky decompositions (L;), which are lower
triangular matrices as described in Section 2.6.2. In practice, these are constructed
from flattened learnable parameter vectors (Li_l) fat” The specific steps to create each
individual covariance matrix corresponding to input 7 are as follows:

1. Reshape (L;?) . into a triangular matrix L7t

fla
2. Apply Softplus(z) = log(1 + €*) to diagonal entries to ensure positive definiteness.

3. Invert L;! to create L,.
4. Construct ¥, using 3, = L, LY.

The reason for doing the inverting step was for numerical stability during training,
since estimating L, directly would often lead to the loss randomly spiking up.

The final covariance matrix is then calculated by summing the products of each
covariance matrix multiplied by the corresponding input value v;:

Y = Zvizi (3.2)

The rationale behind this method is rooted in the central limit theorem, and
assuming that each substation service area is made up of multiple smaller elements.
By assuming that each individual element has a certain mean p; and covariance
matrix X, then the central limit theorem states that the sum of these elements
(assuming that they are independent) is normally distributed, with the mean equal to
the sum of the individual means and the covariance equal to the sum of the
individual covariances.

When training, the Generalized Gaussian Negative Log Likelihood was used, as
described in Section 2.6.1. No weight decay was used for the matrix elements. Adam
was used as the optimizer, and the model was trained for 200 epochs with a batch
size of 256. A manual learning rate scheduler was used, with a learning rate of 1
initially, which was increased to 100 after 20 epochs, and then decreased to 10 after
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100 epochs. The learning rate was determined empirically to get the fastest
convergence speed. The § values of Adam were set to 8; = 0.9 and 8, = 0.99.

For the model to scale properly for substation service areas with higher load, multiple
substation service areas were combined to create larger substation service areas. This
dataset was created by selecting a random integer between 1 and 5, and then
selecting and combining that many substation service areas from the same city. This
was repeated 1000 times. The resulting dataset was split into a training dataset and a
test dataset, with 80% of the data used for training and 20% for testing. The training
dataset was then used to train the model, while the test dataset was used to ensure
the model was not overfitting.

3.4 Residual Process Simulation Model

The third model in this project is named the “Residual Process Simulation Model”.
As the name suggests, it is used to simulate the stochastic part of the load profile. It
is used in cases where there already exists historical load data available for a
substation service area, and modelling its future behaviour is desired. This is useful in
cases where the load duration curve is of interest, since simply using the load profile
from the load decomposition model will often lead to a flatter curve than in reality,
which underestimates maxima and overestimates minima.

3.4.1 Background and Motivation

We define the residual as the difference between the output from the load
decomposition model and the actual load. Since the output of the load decomposition
model has previously been assumed to cover the deterministic part of the load (see
Section 3.2), the residual can thus be considered the stochastic part. Worth noting is
that we call these deviations stochastic, even though they could be considered
deterministic if other data sources were used. For instance, there was a substation
connected to a football pitch, which would have increased load during games.

The goal is to model this stochasticity in a manner that is not only possible but also
realistic. To define what constitutes a “realistic” residual process, we can begin with a
few examples that would be considered too unrealistic. A common method to model
stationary stochastic processes is with linear autoregressive models such as
autoregressive moving-average (ARMA). There are a few limitations of using this
method, one of them being that it does not capture any exogeneity (dependence on
other variables such as temperature, time of day or solar radiation), which can be
assumed to influence the behaviour of the process. For instance, there is higher
uncertainty in the contribution from the solar radiation during the day compared to
the night. Furthermore, it does not capture any periodic behaviour of the stochastic
process.

A challenge related to modelling the stochasticity is to define what should be
considered stochastic deviations, and what is unique deterministic or recurring
deviations for a given substation service area. For instance, there might be a decrease
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in load during a few weeks in the summer for a substation service area. This could be
caused by some of the residents leaving their homes for their yearly summer holidays,
which one could reasonably expect to be a recurring event. On the other hand, it
could also be caused by one of the facilities in the area being closed due to
unexpected maintenance. Since load data was only available for a single year, one
could assume that having data for more years could help with this. However, there
are also large changes in the substation service areas due to new buildings being
built, and more solar panels being installed, which would mean that the additional
years of data would already be out-of-date.

A result of this is that the choice of what is considered stochastic as opposed to
deterministic is somewhat arbitrary and dependent on the chosen model architecture.
A simple assumption is that short-term deviations are more likely to be stochastic,
whereas long-term deviations are deterministic. In our model, determining what
constitutes long- and short-term deviations is done by the load decomposition model.
More specifically, increasing the number of base scalers (which are different for all
substation service areas) will allow the model to fit the profile arbitrarily well. In the
end, a base scaler count of 7 was chosen, which ended up having comparable losses to
models with up to 30 base scalers. It is not immediately evident what equivalent
“time constant” this translates to, but plotting the different profiles hints at that they
are likely on the order of months. Furthermore, the base scalers also need to represent
differences in intraday and holiday patterns, which results in less representational
capacity allocated to the yearly patterns. This supports the idea of the timescale
being on the order of months, since if the 12 months in a year are divided with a bit
less than 7 parameters, it results in a few months per parameter.

- Base net with 3 base curves Base net with 7 base curves
100 A
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125 501 A
100 F f
0 4
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25 1 —100 1
0 4
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Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Jan Feb Mar A'pr M'ay Jun Jul A;Jg Sép Oct Nov Dec Jan
Time Time
(a): Base net with 3 base curves. (b): Base net with 7 base curves.

Figure 3.10: Diagrams showing the yearly base load component curves for 3 and 7
base scaler coefficients respectively. The diagrams show the daily averages to improve
legibility. A higher number of base scaler curves provides the model with more
opportunities to fit specific short-term deviations that occur at different times of year.

3.4.2 High Level Description of Solution
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The proposed solution for this problem involves dividing the hourly residuals into
daily chunks of length 24, predicting the distribution for the next chunk
autoregressively, and then sampling from that distribution. A Monte Carlo simulation
can be run by repeating this process several times to get insights about the stochastic
behaviour of the load, including metrics such as the expected maximum load in a
year or week. Furthermore, in each simulation run, simulated or historical weather
data could also be used. In cases where the load segmentation coefficient distributions
have been estimated from the building data, one could also sample these in every run
to include the uncertainty from that estimation.

3.4.3 Architecture

The architecture can be divided into two models. The purpose of the first model is to
estimate the means for the next 24 hours of load, and the purpose of the second
model is to estimate the covariance matrix for these values. Both models have the
same inputs values.

The first model, which estimates the mean, consists of a linear transform of the input
variables without any offset.

The second model, which estimates the covariance matrix, consists of a neural
network with a hidden layer of size 16 and an output layer of size 300. The output
size of 300 is the 24th triangle number, which is the number of parameters in the
24 x 24 lower triangular matrix L that parametrizes the covariance matrix as
described in Section 2.6.2. In other words, the model outputs L', by which the
covariance matrix X is calculated in the following way:

»= (L) (3.3)

The chosen input features were the following:

e The 24 previous hourly load values.

e The solar radiation of the current day. This is projected down from 24 hourly
dimensions down to 3 using a linear autoencoder to reduce computational
complexity and risk of overfitting. The curves representing each of the three
dimensions can be found in Figure 3.14.

e The temperature of the current day. This is projected down to 3 dimensions
similarly to the solar radiation (Figure 3.13).

o A workday parameter that is 1 for workdays and 0 during holidays and weekends.

e The sine and cosine of the time of year. More information about this signal is
presented in Section 3.1.2.

e The load segmentation coefficients for that substation service area.

All features have been normalized appropriately as described in Section 3.1.3.
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Previous Day 24 x 1 43 x 1 24 x1
roviots T Linear(43,24) — p (Predicted Mean)
Residual
Solar Radiation 3 X 1 I
— NN(43,1
(Encoded) (43, 16, 300)
Temperature 3 X 1 1 % 300
(Encoded)
1x1 | Vertical Reshape
Workday —— Stack to Lower
Triangular
: 1x1
sin (2 g ) ——— 24 x 24 l
1x1 Softpl 24 x 24
taate ortplus -~ _1
COS(QW%) Diagonal - L

Load 10 x 1
Segmentation —
Coefficients

Figure 3.11: The residual prediction system. It predicts the mean of the next day’s
load residual for each hour (u), as well as the inverse of the Cholesky decomposition
of the covariance matrix for these 24 residuals. “Linear” is a linear transform with no
bias or activation function. “NN” is a neural network with ReLLU activation functions.

The number 300 is the shape of a flattened 24 x 24 lower triangular matrix (%).

3.4.4 Training

The training for this system consisted of two parts. The first part involves training of
the autoencoders that project down the solar and temperature signal to lower
dimensions. When training these autoencoders, MSE loss was used. There was no
mini-batching done during training; all data was concatenated into a single input
vector for each epoch. A total epoch count of 500 was used. The optimizer was Adam
and the learning rate was 0.1, along with no weight decay being used. Since there
were so few tuneable parameters, there was no need to split the dataset into separate
training and test sets.
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Training Losses
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Figure 3.12: The training loss for the autoencoders that project down the
temperature and solar radiation signals. The loss is the MSE between the original
signal and the reconstructed signal.
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Figure 3.13: The three basis functions used to reconstruct the daily temperature
signal, as learned by the autoencoder.
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Figure 3.14: The three basis functions used to reconstruct the daily solar radiation
signal, as learned by the autoencoder.

The second part of training this system involves the autoregressive residual predictor.
Since the model estimates both the mean and the covariance, Generalized Gaussian
Negative Log Likelihood was used as a loss function. The dataset was split into a
training set and test set, with both sets containing equal proportions of the data.
Adam was used as the optimizer, with a learning rate of 0.02, and g; = 0.9 and 38, =
0.95. A batch size of 512 was used, as well as 50 epochs in training.
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Results

This chapter presents the results obtained from the developed models, accompanied
by a discussion of their implications and limitations. The results are structured
according to the three primary components of the framework, beginning with the
load decomposition model.

4.1 Load Decomposition Model

The load decomposition model aims to segment the total electrical load into
interpretable components. Results are presented for each of the three modelled load
types, Solar PV generation, temperature-dependent load, and base load, as well as an
evaluation of the combined model performance.

4.1.1 Solar PV Generation

The Solar Network lowers the peak estimated solar generation during the summer.
This aligns with the theory presented in Section 2.3.1.

Since only the aggregate load data is available in this project, no true reference values
exist for direct comparison. However, the results align with the theory presented in
Section 2.3.1. Figure 4.1 shows a diagram of how the solar network modifies the solar
radiation signal during the year.
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Solar Net Output
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Figure 4.1: The predicted solar cell output from solar data. “Solar” refers to the
actual solar radiation measured as global radiation; the radiation experienced for
1m? laid flat on the ground. “Solar prediction” is the “Solar” curve multiplied with
the “Solar Scaler” curve.

4.1.2 Temperature Load

Figure 4.2 shows how the output of the temperature network depends on the
temperature. The figure shows a simplification of when all the past temperatures are
constant, which is rarely the case in reality, but gives a sufficient estimate of the
model output for different temperatures.

One observation for the temperature-based load was that there is a slight increase in
estimated load as the temperature increases over 20 °C. This was theorized to be
caused by electric-powered cooling systems, such as air conditioning. This effect is
applied similarly to all buildings, but should ideally be decoupled from the heating-
based load category. A possible issue with this is that the cooling based load likely
has some correlation with the solar PV radiation, which could make them difficult to
separate. This approach was attempted, but was intentionally omitted due to the
relatively small total effect it had, as well as the desire to reduce parameter count to
avoid overfitting.
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Temp Net Output
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Figure 4.2: Diagram show the predicted temperature net output as a function of
the outdoor temperature (with the assumption that it is constant in time).

4.1.3 Base Load

Figure 4.3 shows an example output for the base load, calculated by performing a
weighted sum of the outputs from the load decomposition model. It can be seen that
it captures a daily variation as well as some peaks during weekends. It also has some
yearly variations. Closer inspection shows that there is some difference between the
output for the first and last days of the year, which is somewhat unexpected since the
sine and cosine encodings of the time of year are expected to lead to periodic and
continuous patterns, which is not seen here. A theory of what causes this could be
that the assumption that electricity demand patterns are constant from year to year
is not necessarily true. In reality, there could be differences from construction of new
buildings, changing consumer behaviour or a tendency towards electrification of
consumer products such as cars, heating, and other appliances.
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Base Net Output
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Figure 4.3: The predicted base load compared to the true load for a typical
residential area.

4.1.4 All Loads

Figure 4.4 displays the different load profiles. The loads for each category are added
together to form the total load prediction, which is compared with the measured
load.

Figure 4.5 shows the final prediction for the total load. It can be seen that the model
does not always follow the measured load profile for the extreme values due to their
stochastic nature. To take this into account, the residual process simulation model
can be used.
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Figure 4.4: All three predicted loads compared to the true load.
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Figure 4.5: The sum of all separate loads in Figure 4.4 compared to the true load.

A metric was created to allow for comparison of the results for different substation
service areas. This involved splitting each measured and predicted load profile into 12
months, and calculating the monthly maximum loads (which might occur at different
times in the month for the estimated and true load profiles). The mean absolute
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percentage error (MAPE) scores were then calculated for each station by comparing
the monthly predicted max loads to the measured ones. This resulted in a mean
MAPE of 14.5% and median MAPE of 12.0 %. This includes substation service areas
of all sizes, from one to two houses up to thousands of houses with equal weight for
each substation service area. The model performed worst on smaller substation
service areas since a larger portion of their load is stochastic.

4.2 Building-Informed Segmentation Model

On average, predicting the load segmentation coefficients from only the building
parameters resulted in rather high variance. For some segmentation coefficients, such
as the solar radiation coefficient, and in part the temperature coefficient, this is
relatively expected. The reason for this is that there is often a high variance in how
much solar generation is installed per building and per building volume, which leads
to high uncertainty. Furthermore, since no data on the type of heating in the
buildings was used (e.g. district heating, local combustion, local electricity-driven
heat pumps, resistive heating), there is a high uncertainty for the temperature
component as well. Data for installed solar PV capacity or satellite images from
which installed PV capacity could be calculated would be useful for improving the
solar PV generation estimate. Similarly, the source of heating and the building energy
classification would be useful for improving the temperature dependent power
estimate.

The learned coefficients from the linear regression can be shown in a heat map, see
Figure 4.6 and Figure 4.7.
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Figure 4.6: A heat map of the resulting matrix from the linear regression. The
colours show how each estimated output segmentation coefficient depends on the
volume of each building type. The values are horizontally comparable, but not
vertically, since they scale different quantities. The unit is how much each
segmentation coefficient increases per 1000m? of building volume, equivalent to a
10m x 10m x 10m building.
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Figure 4.7: A heat map of the resulting matrix from the linear regression. The
colours show how each estimated output segmentation coefficient depends on the
number of buildings for each building type. The values are horizontally comparable,
but not vertically, since they scale different quantities.

This model can be used to show how well the linear regression model estimates the
different segmentation coefficients. Figures 4.8, 4.9 and 4.10 plot the actual and
estimated coeflicients, along with their correlation coefficient.
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Temp Scaling (r = 0.69)
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Figure 4.8: Predicted and actual values for the temp scaling coefficient for all

substation service areas. The actual values are calculated using the load

decomposition model. The Pearson correlation coefficient in this case is 0.69.
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Solar Scaling (r = 0.44)

4 N
3 i
221
(&)
<7
1 i
- x =y
04 Data Points
1 9 3 A
Predicted

Figure 4.9: Predicted and actual values for the solar _scaling coefficient for all
substation service areas. The actual values are calculated using the load
decomposition model. The Pearson correlation coefficient in this case is 0.44. This
shows that the amount of solar energy does not correlate too linearly with the
aggregated building data, at least for substation service areas with sizes of those in
the dataset. For larger substation service areas, the effect is expected to be closer to
linear.
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Figure 4.10: Predicted and actual values for the base scaling coefficient for all
substation service areas. The actual values are calculated using the load
decomposition model. The base scaler coefficients have no non-negativity constraint,
except for the base offset coefficient.

With the relatively high errors from the linear regression model, evaluation of the
error prediction part of the model becomes of high interest. The error prediction
model has been optimized to minimize the negative log likelihood, which can be
useful when comparing models to each other, but it can be hard to infer whether the
model actually performs well or not. One possible way to measure this is by studying
the average errors compared to the average predicted standard deviations, and there
are multiple ways to approach this.

For the case of a univariate normal-distributed variable, one can express the error
between the estimation and actual value in terms of standard deviations, in which
case it is referred to as the z-score. Here, the average of the z-score squared is equal
to 1. This can be generalized to multivariate distributions, where it is instead named
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the Mahalanobis distance [41]. The Mahalanobis distance is, similar to the z-score, a
measure of how far away a point is from a distribution. The expected square of the
Mahalanobis distance generalizes to the number of dimensions, instead of 1. The
Mahalanobis distance can be calculated by applying a whitening transformation to
the error vectors, which essentially means transforming them to vectors that have the
identity matrix as their estimated covariance matrix. After applying this transform,
the Mahalanobis distance is simply the Euclidean distance in the transformed space.
This can be done by transforming the error vectors with the inverse of the Cholesky
decomposition of the covariance matrix (L™1). [42]

It is possible to analyse the performance of the error prediction model by graphing
the distributions of the z-scores for the errors of each segmentation coefficient. This is
shown in Figure 4.11, along with standard normal distributions.
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Figure 4.11: Histograms showing the errors from the model, measured in term of
the expected standard deviation from the error estimation model. The histograms
align with the standard normal distributions rather well, indicating that the error
estimation model estimates the sizes of the errors relatively well.

In addition, other metrics such as the average Mahalanobis distance and average
Mahalanobis distance squared can be calculated. In a standard multivariate normal
distribution with n variables, the square of the Mahalanobis distance follows a x2
distribution, which has expected value n = 10, while the Mahalanobis distance follows
a x,, distribution. The x,, distribution has the following expected value [43]:

rees) o ST(55)
ﬁT%) = {n=10} = ﬁw ~ 3.084. (4.1)

The actual average Mahalanobis distance was 4.46, while the average Mahalanobis
distance squared was 38.0. One likely reason for the high average squared
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Mahalanobis distance is that there were some outliers with very high errors, as seen
in Figure 4.11. The fact that the average and expected Mahalanobis distance are
relatively close compared to the average and expected squared Mahalanobis distances
further supports this conclusion. Furthermore, the model was trained on combined
substation service areas, which meant that it had a slight bias towards substation
service areas with higher load.

Covariance Matrix of Whitened Errors
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Figure 4.12: The covariance matrix of the whitened (decorrelated) error vectors.
These error vectors are calculated by transforming the original error vectors with the
inverse of the Cholesky decomposition matrix (L~!). For a true standard normal
distribution, which would be expected after performing a whitening transformation,
the covariance matrix would be the identity matrix.

It is possible to visualize the predicted segmentation coefficients and their estimated
errors by plotting the resulting load profile for an example substation service area.
This is shown in Figure 4.13, which includes a typical substation service area with
mostly single-family houses.
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Figure 4.13: An example load profile for a substation service area with mostly
single-family houses. The blue line (“Predicted Total”) shows the predicted mean load
profile using the output weights from the building-informed segmentation model,
while the shaded area shows the prediction uncertainty, which is calculated from the
covariance matrix. The figure shows two arbitrarily chosen weeks in March.

4.2.1 Discussion

While the error estimation model can predict the size of the errors to some extent,
there are cases where the actual error is much larger than the predicted error. There
might be multiple reasons for this, one of these could be that these large errors
correspond to substation service areas where there are large consumers of electricity
that are not reflected in the building data, such as some industrial consumers, street
lighting, or vehicle charging infrastructure.

Another assumption that the results show might not be completely valid is the
assumption that the errors are normally distributed. This fact is especially apparent
for the solar radiation coefficient, where the model often estimates the average
amount of solar panels, which most of the time is slightly higher than the actual
amount of solar panels installed (which is often very close to zero), while in a few
cases, the estimation is a lot lower than the actual amount installed.

Furthermore, the normal distribution assumption is not always compatible with the
positivity constraint for the segmentation coefficients. The purpose of the positivity
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constraint is to ensure that some of the segmentation coefficients are non-negative for
physical reasons. However, by assuming a normal distribution, the model will predict
a distribution with non-zero probability of negative values. This is especially apparent
when the standard deviation is large in relation to the mean, which is common for
substation service areas with lower load. One possible way to solve this could be to
assume another multivariate distribution, such as a multivariate log-normal
distribution. From this, a log-likelihood could be calculated from the expression for
the joint probability distribution, which could be used as a loss function for the
model. This would be closer to estimating the relative error instead of the absolute
error.

One possible way to improve the model could be to change the way the loss is
calculated. Instead of calculating the loss based on the difference between the
predicted and estimated segmentation coefficients, the loss could be calculated based
on the resulting load profiles for the corresponding segmentation coefficient vectors,
and comparing these to the measured load profiles.

In cases where there is data available for specific segmentation coefficients, such as
the amount of solar panels installed, it is possible to get a more accurate estimate of
the other coefficients by using conditional probability. [44]

4.3 Residual Process Simulation Model

The residual process simulation model is used to simulate the difference between the
estimated total load from the load decomposition model and the actual total load.
The idea is that the load decomposition model covers the deterministic part of the
load, while the residual process simulation model covers the stochastic part of the
load in a realistic way.

The model works by estimating the mean and covariance matrix of the residuals for
the next 24 hours based on the previous 24 hours as well as some other parameters
which are described in Section 3.4.3. This is exemplified in Figure 4.14, which shows
the simulated residual of the last day, and a number of residuals from the estimated
distribution, along with the estimated mean of the distribution.
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Residual Simulation for One Station
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Figure 4.14: An example of possible residuals for a day (blue, right), as well as the
mean of the distribution (red) of residuals along with the residuals for the previous
day (blue, left). By comparing the mean and previous day, it becomes apparent that
model has learned that residuals tend to repeat, but in lower magnitude than the day
before (see dip at hour 14 and hour 38, 24 hours apart).

Since linear regression was used to predict the mean vector of the next day, this can
be represented by a single matrix multiplication. A heat map and description of this
matrix is shown in Figure 4.15. There are a number of things of interest in this
matrix. First, there is a strong diagonal showing that the mean at one hour of the
next day is very correlated with the mean for the same hour of the previous day. It
can also be seen that around midday, the correlation is not as strong, and seems to
be slightly more spread out over a few hours before and after. Furthermore, the
horizontal gradient line at hour 23 shows that the first hours of the next day are very
correlated with the last hours of the previous day, which is expected. However, the
correlation falls off almost exponentially and is almost 0 after 24 hours.

53



4. Results

Weight Matrix
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Figure 4.15: The weight matrix used when predicting the mean residual vector for
the next day. The vertical labels show the input values, and the horizontal labels
show the output values. The first 24 rows show the residual at given times in the
previous day. The Temperature Component and Solar Component rows represent the
autoencoder’s encoding of the previous day’s temperature and solar signals. The
values for the upper part of the matrix including the previous day’s residuals have
the same unit (1) and can be comparable to each other, but the rows below that have
arbitrary units and can not be comparable with other rows, only with other hours
within the same row. The diagonal line shows there is a 24-hour periodicity in the
residuals, and the horizontal line at hour 23 indicates continuity between the
residuals of subsequent days.
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The stochastic part of the process is represented by the covariance matrix, which
states how much the different hours of the next day vary, and how much they
correlate to each other. It can be represented as-is in its matrix form X, or it can be
parametrized using its Cholesky decomposition L where ¥ = LLT. The inverses of
these matrices are also of interest. The Cholesky decomposition matrix L is possibly
one of the more intuitive matrices, as it essentially states how the stochastic parts of
the residuals of the next day are sampled. If X is an n-dimensional standard
multivariate normally distributed vector, meaning that each of its component are
independently standard normally distributed, then Y = LX is a vector sampled from
the distribution represented by ¥, where ¥ = LLT. Figure 4.16 shows an L matrix
that the model predicted for an example day (although most days look very similar
and vary mostly in magnitude). The figure shows how the diagonal has the highest
magnitude, with what looks like an exponential falloff to the left or downwards. This
is essentially equivalent to a moving average (MA) model, where the stochastic part is
the weighted sum of some previous noise signal values. The exponential falloff is a
special case of the MA model and can simply be represented as an autoregressive
model of order one (AR(1)), meaning that each value is defined as a constant (often
slightly less than one) times its previous value, with some noise added. In the case of
a random walk with no tendency to return to 0, the matrix would simply have its
lower triangular part uniformly filled. By closer inspection, one can see that the lower
triangular part of the matrix does not completely approach 0, meaning that some
non-reverting random walk behaviour might still occur.

In this case, it is the tendency to return to the center that causes the falloff that is
seen.
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L matrix
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Figure 4.16: The predicted L matrix for an example substation service area and
day. The matrix has been constructed by taking the inverse of the L=! matrix that
was the output from the model. It is lower triangular by definition; the model is only
able to alter the values at or below the diagonal. The L matrix can be used to sample
the stochastic parts of the residual. The exponential falloff of the values below the
diagonal are similar to those of an AR(1) process.

The inverse of L, L™! can also be shown (see Figure 4.17). This matrix is interesting
because it is the actual matrix that the model predicts. The figure shows that this
the predicted L' looks very sparse, with positive values along the diagonal, and
negative values along the sub-diagonal. In the case of a theoretical MA-process with
exponential falloff (equivalent to an AR(1) process), the diagonal and sub-diagonal
would be uniform. In the special case of a random walk with no tendency to return to
0, the diagonal and sub-diagonal would be equal in absolute magnitude and only
differ in sign. The fact that the model estimates a diagonal that is not uniform means
that it has learned something that an ARMA-model would not be able to learn on its
own.
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Figure 4.17: The predicted L~! matrix for an example substation service area and
day. The L' matrix is the direct output of the model. It can be seen that the model
predicts a mostly sparse matrix, with only the diagonal and sub-diagonal populated.

The covariance matrix ¥ = LL? and precision matrix ¥~! are shown in Figure 4.18
and Figure 4.19 respectively. In the diagram with the covariance matrix, it can be
seen that the residuals between the hours mostly correlate with other hours that are
close in time. Furthermore, the total variance is generally higher toward the end of
the day. This aligns with the fact that the falloff in the lower part of the L matrix did
not completely approach 0, suggesting that it behaves like the sum of a random walk
and mean-reverting random walk.
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Figure 4.18: Heat map of the covariance matrix ¥ for an example substation service
area and day. It can be seen that the residuals correlate mostly with the values
nearby in time, and that the covariance is slightly higher after more time has passed.
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Figure 4.19: Heat map of the precision matrix (X~! for an example substation
service area and day. It can be seen that the model predicts that this is sparse, with
the diagonal being positive and the sub- and super diagonals being negative.)

By sampling the residual vectors for the next day autoregressively, the model can
sample possible residual time series. By adding these to the total output estimated by
the load decomposition model, it is possible to generate load profiles that include this
stochasticity. By sampling these load profiles multiple times in a Monte Carlo
simulation, it is possible to get an estimate of a number of metrics, such as what the
probability is to get a maximum load over a given limit during a certain period of
time. If the values of this load profile are sorted, the result is a duration curve. An
example duration curve for a station is shown in Figure 4.20. The top 1% is shown in
Figure 4.21.
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Load Duration Curve for One Substation Service Area
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Figure 4.20: An example duration curve for a substation service area. The z-axis
refers to the percentage of time that the load is above a given y-value. The substation
service area is relatively typical, with mostly single-family residential buildings. The
“Target” line represents the measured load for that year, “Predicted” represents the
total output from the load decomposition model. “Simulated Data” is calculated by
simulating 50 load profiles and creating duration curves from these. The mean and
standard deviation are calculated at each percentile and shown as lines. It can be
seen that the difference between the curves is rather small most of the time, except
during the extreme values where the output of the load decomposition model is
generally flatter. Figure 4.21 shows this diagram zoomed in on the top 1% of the
load.
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Load Duration Curve for One Substation Service Area
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Figure 4.21: The same curve as Figure 4.20, but zoomed in on the top 1%.

In order to evaluate how well the model works, the model was used to create 20 runs
for each substation service area. The mean and standard deviation of the maximum
values for each substation service area were then calculated, and compared to the
maximum true measured value and maximum in the summed output from the load
decomposition model. There are a few statistics that can be calculated from these
runs. Firstly, the mean of the simulated peak standard deviations expressed as
percentages of the simulated peak means was 5.5 %, and the root mean square of the
same quantities was 6.4 %. This essentially means that from simulation to simulation,
the peaks tended to vary within +6%.

On average, the max values from the stochastic simulations were closer to the
measured max values than the outputs from the load decomposition model were to
the measured max values. We can define the z-scores for the outputs from the
stochastic simulations and the outputs from the load decomposition model as follows
(for a given substation service area):

mean, (max, Vapy,i (t)) — max, Ve (t)

= 4.2

“ReM std; (max, Vapy;(t)) , 4.2)
Vi t) — V. (L

i = max, Vipy(t) — maxy Vil )’ (4.3)

std, (maXt VRPM,i(t»

where zppy; refers to the z-score of the residual process model, z;py; is the z-score for
the load decomposition model, and the different V' (¢) are the load profiles from the
different models. The subscript ¢ refers to the ¢:th simulation run. Essentially, this
means that we compare the differences between the different models’ max values to
the true max values, and normalize them by dividing them with the standard
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deviations from the stochastic simulations. This can also be thought of as how close
the left ends of the green and blue curves are to the orange curve in Figure 4.21.

For the load decomposition model, the average z-score was —2.53, and for the
residual process model it was 0.09. This suggests that by adding the residual process
model step, the yearly max values are more accurate. For the load decomposition
model, the average absolute z-score was 2.63, while for the residual process model it
was 1.46. The standard deviation of the z-score for the load decomposition model was
2.74, while it was 2.23 for the residual process model. For the load decomposition
model, 27% of the z-scores were within the range [—1, 1], whereas 45% of the average
z-scores for the residual process model were within the same range.

These results show that by incorporating a stochastic part into the framework, as
opposed to only relying on the output from the load decomposition model, the
average maximum load values are much closer to the measured maximum load values.
There is an inherent uncertainty in how the “actual” maximum load values for a
station behave, since there is only ground-truth load data available for one year,
which makes it difficult to deduce if the seen maximum load is representative for the
typical maximum load. Due to this, some variability in the z-scores is expected, and
could even be an indication that the model is not overfitting to the measured load
profiles.

In practice, the residual process simulation model will have to be combined with
another model that simulates the other input parameters, including the temperature
and solar radiation. Since most of the measured load can already be explained by the
deterministic relationship as presented in Section 3.2, the weather variations likely
have a greater effect on the total load compared to the stochastic variation discussed
in this subchapter.

Some feature engineering was also carried out, which included running the model
with different combinations of input parameters, and comparing the test losses. These
are presented in Table 4.1. Instead of using the losses from the Generalized Gaussian
Negative Log Likelihood, these were converted into their likelihood and normalized by
dividing them with the best score as the baseline (see Section 2.6). From this, it can
be seen that the model performed best when using all input variables, which was
expected. It can also be seen that the load segmentation coefficients are the most
important feature, since these are the only ones that contain any information about
each individual substation service area which is needed to know the scale of the
variations.
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Table 4.1: Results from a sweep over all possible combinations for features. Date and

Temp are the least important features. Load segmentation coefficients and workdays

are the most important features.

Date

Segmentation
Coefficients

Workdays

Solar
Radiation

Temp

Relative
Likelihood

v

N

v

Q\

100 %

96.9 %

95.7 %

93.5%

93.1%

92.2%

89.7 %

87.9%

83.6 %

82.4%

81.3%

81.2%

81.1%

80.1%

78.2%

77.6 %

77.3%

75.4 %

74.4%

74.4%

72.8%

72.1%

71.4%

67.9%

67.0%

66.9 %

65.7 %

65.4 %

65.4 %

65.2 %

65.0 %
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64.7 %
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4.4 Sources of Error

One source of error in this study was the fact that only one year of load data was
used. This made the error prediction part of the work very uncertain, since there was
no possibility of comparing to other years. For example, training on one year and
evaluating on another would be very valuable to verify the usability of this model. In
practice, this was solved in a suboptimal way by diving the year into different
training and test datasets by alternating weeks.

In addition, the building data was static, which made it impossible to infer
construction of new buildings. These newly constructed buildings would still have
contributions on the total load, which meant the model was forced to use other
parameters to explain these changes. This, in turn, causes systematic errors in the
model.

Another cause of lower precision in the model is the fact that the substation service
areas for which load data is available are relatively large and few in number, and in
the city these areas can be very heterogeneous. This causes potential problems for the
building-informed segmentation model to accurately predict what building category is
actually causing what type of electricity usage, since the contributions of all buildings
are aggregated in the total load.
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Conclusion

This chapter summarizes the key findings and contributions of each model, reflecting
on their performance and limitations.

5.1 Load Decomposition Model

Using the load decomposition model, it was possible to recreate the original load
curve with a high degree of accuracy using a linear combination of a few learned
categorical load profiles. Evaluation of the accuracy of the actual segmentation
proved to be challenging, since there was no ground truth data available for how large
the different load categories were for each substation service area. The true solar PV
generation could be estimated to some extent using manual inspection of satellite
imagery of the substation service areas. In general, the model’s estimation of the
amount of solar PV generation seemed to correlate well with the manual satellite
imagery estimation. This verification does however have a high margin of error and
was not done systematically.

The thermal component of the estimated segmentation could not be verified with any
ground truth data. However, due to the high correlation between the estimated total
load profile and the measured, there is still reason to believe that the estimation is
accurate. Since the model was trained on Swedish data where electric cooling is
relatively uncommon, the performance of the model in situations with high cooling
demand is still unknown. In order to be able to utilize the model in warmer climates,
modifications would have to be done to allow for a cooling component in addition to
the heating component.

In general, the relative difference between the estimated and true load profiles was
lowest in large substation service areas with mostly residential buildings. This was
theorized to be partly caused by residential buildings being more frequent in the
training data, as well as residential buildings having more predictable load behaviour
when aggregated. With larger substation service areas, the impact of an individual
consumer’s stochastic behavior becomes smaller in comparison.

5.2 Building-Informed Segmentation Model
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By using aggregated building data, the aim of the building-informed segmentation
model was to provide a means to infer the relative contributions of base load,
temperature-dependent load, and solar generation. The empirical evaluation indicates
that the variability in the compositions of the substation service areas leads to large
errors when using linear regression, especially for smaller substation service areas.

However, the error estimation part of the model provides a way to estimate the sizes
of the errors, allowing decision makers an insight into possible outcomes.

In order to improve the accuracy of the model and make it more reliable, other data
sources could be used during training and inference, including information on solar
PV generation installed or what heating sources are used in different buildings. This
could include using satellite imagery and computer vision to obtain data on installed
solar panels.

Another possible area for future work could be to analyze the load data for individual
buildings using unsupervised learning in order to find typical load patterns relating to
different sources of heating, as well as how frequent they are.

Whether the building-informed segmentation model is sufficient on its own when
predicting electricity usage patterns depends on the type of application and the
desired accuracy. When used to evaluate construction of new major substation service
areas, the accuracy of the model can be improved by incorporating data on planned
installation of solar PV generation and heating sources in buildings. In case it is used
to estimate minor construction and other changes to existing substation service areas,
the additional data might not be as necessary since the relative error will be smaller.

In conclusion, the Building-Informed Segmentation Model demonstrates that it can in
some cases be feasible to generate segmentation coefficient estimates from static
building data. Its integration into the modelling framework can enable long-term
infrastructure planning in environments without historical load data, thereby
contributing to the advancement of data-driven, interpretable tools for future grid
design.

5.3 Residual Process Simulation Model

The Residual Process Simulation Model serves as a component in capturing the
stochastic variability in electricity demand that is not explained by deterministic
factors such as temperature or solar radiation. By modelling the residuals using
stochastic processes and incorporating Monte Carlo simulations, the model enables
the generation of realistic demand scenarios that reflect uncertainty and variability
inherent in real-world usage patterns.

This capability is essential for robust grid planning and risk-aware decision-making,
especially in the context of increasing integration of intermittent energy sources. The
model’s flexibility allows it to be calibrated to local conditions and extended with
additional data sources, making it a valuable tool for enhancing the completeness and
realism of the overall predictive framework.
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